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In the last years, optimal control theory (OCT) has emerged as the leading approach for
investigating neural control of movement and motor cognition for two complementary
research lines: behavioral neuroscience and humanoid robotics. In both cases, there are
generalproblemsthatneedtobeaddressed,suchasthe“degreesoffreedom(DoFs)prob-
lem,” the common core of production, observation, reasoning, and learning of “actions.”
OCT, directly derived from engineering design techniques of control systems quantiﬁes
task goals as “cost functions” and uses the sophisticated formal tools of optimal control
to obtain desired behavior (and predictions). We propose an alternative “softer” approach
passivemotionparadigm(PMP)thatwebelieveisclosertothebiomechanicsandcybernet-
ics of action.The basic idea is that actions (overt as well as covert) are the consequences of
an internal simulation process that “animates” the body schema with the attractor dynam-
ics of force ﬁelds induced by the goal and task-speciﬁc constraints.This internal simulation
offers the brain a way to dynamically link motor redundancy with task-oriented constraints
“at runtime,” hence solving the “DoFs problem” without explicit kinematic inversion and
cost function computation. We argue that the function of such computational machinery
is not only restricted to shaping motor output during action execution but also to provide
the self with information on the feasibility, consequence, understanding and meaning of
“potentialactions.”Inthissense,takingintoaccountrecentdevelopmentsinneuroscience
(motor imagery, simulation theory of covert actions, mirror neuron system) and in embod-
ied robotics, PMP offers a novel framework for understanding motor cognition that goes
beyond the engineering control paradigm provided by OCT.Therefore, the paper is at the
same time a review of the PMP rationale, as a computational theory, and a perspective
presentation of how to develop it for designing better cognitive architectures.
Keywords: optimal control theory, passive motion paradigm, synergy formation, covert actions, iCub, humanoid
robots, cognitive architecture
“Nina: I want to be perfect.
Thomas: Perfection is not just about control. It’s also about
letting go.”
A conversation between Nina Sayers and Thomas Leroy, the stu-
dentandthedanceteacherinthemovie“TheBlackSwan”directed
by Aronofsky (2010).
PUTTING THE ISSUE INTO CONTEXT
Since the time of Nicholas Bernstein (1967) it has become clear
that one of the central issues in neural control of movement is
the “Degrees of Freedom (DoFs) Problem,” that is the compu-
tational process by which the brain coordinates the action of a
high-dimensional set of motor variables for carrying out the tasks
of everyday life, typically described, and learnt in a “task-space”
of much lower dimensionality. Such dimensionality imbalance is
usually expressed by the term “motor redundancy.” This means
that the same movement goal can be achieved by an inﬁnite num-
ber of combinations of the control variables which are equivalent
as far as the task is concerned. But in spite of so much freedom,
experimentalevidencesuggeststhatthemotorsystemconsistently
uses a narrow set of solutions. Consider, for example, the task of
reaching a point B in space, starting from a point A,i nag i v e n
time T. In principle, the task could be carried out in an inﬁnite
numberofways,withregardstospatialaspects(handpath),timing
aspects(speedproﬁleofthehand),andrecruitmentpatternsofthe
available DoF’s. In contrast,it was found that the spatio-temporal
structureofthisclassofmovementsisstronglystereotypical,what-
ever their amplitude, direction, and duration: the path is nearly
straight (in the extrinsic, Cartesian space, not the intrinsic, artic-
ulatory space) and the speed proﬁle is nearly bell-shaped, with
symmetric acceleration and deceleration phases (Morasso, 1981;
Abendetal.,1982).Thatthisstereotypicityshouldbeattributedto
internal control mechanisms,not to biomechanical effects,is sug-
gestedbytheobservationofreachingmovementsindifferenttypes
ofneuromotorimpairedsubjects.Forexample,inthecaseofataxic
patients, although they still can reach the target, spatio-temporal
invariance is grossly violated: paths are strongly curved, with dis-
tortion patterns that change with the direction of movement,and
the speed proﬁle is asymmetric (Sanguineti et al.,2003).
CYBERNETICS OF PURPOSIVE ACTIONS
A movement, per se, is nothing unless it is associated with a goal
and this usually requires recruitment of a number of joints, in
the context of an action. Recognizing the crucial importance of
multi-joint coordination was really a paradigm shift from the
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classical Sherringtonian viewpoint (typically focused on single-
joint movements), to the Bernsteinian quest for principles of
coordination or synergy formation. A coordinated action is a
class of movements plus a goal. Redundancy is a side-effect of
this connection and thus redundancy is necessarily task-oriented,
something to be managed “on-line” and “rapidly” updated as the
action unfolds. As descriptive concepts, coordination and syn-
ergy are equivalent: both refer to the fact that, in the context of
a given set of behaviors, systematic correlations between different
effectors can be observed. However, such correlations are just an
epiphenomenon, determined by a deeper structure, namely the
underlying control mechanisms in the motor system that acti-
vates groups of effectors as single units in different moments of
an action. Shortly, we suggest calling it the “cybernetics of pur-
posive actions.”Generally speaking,we consider actions as opera-
tional modules in which descending motor patterns are produced
together with the expectation of the (multimodal) sensory conse-
quences.Mountingevidenceaccumulatedinthelast30yearsfrom
different directions and points of view, such as the equilibrium
point hypothesis (Asatryan and Feldman, 1965; Feldman, 1966;
Bizzi et al.,1976,1992;Feldman and Levin,1995),mirror neurons
system (Di Pellegrino et al., 1992), motor imagery (Decety, 1996;
Crammond, 1997; Grafton, 2009; Kranczioch et al., 2009; Munz-
ert et al.,2009),motor resonance (Borroni et al.,2011),embodied
cognition (Wilson, 2002; Gallese and Lakoff, 2005; Gallese and
Sinigaglia, 2011; Sevdalis and Keller, 2011), etc., suggest that in
order to understand the neural control of movement, the obser-
vation, and analysis of overt movements is just the tip of the
icebergbecausewhatreallymattersisthelargecomputationalbasis
shared by action production, action observation, action reasoning,
and action learning.
EQUILIBRIUM POINT HYPOTHESIS – AN EXTENDED VIEW
Letusgobacktotheissueofstereotypicityofreachingmovements:
where is it coming from? A general concept that was in the back-
ground of many studies during the mid-1960s to mid-1980s was
the equilibrium point hypothesis (EPH: Asatryan and Feldman,
1965; Feldman, 1966; Bizzi et al., 1976, 1992; Feldman and Levin,
1995). Its power comes from its ability to solve the “DoFs prob-
lem”bypositingthatpostureisnotdirectlycontrolledbythebrain
in a detailed way but is a “biomechanical consequence” of equi-
librium among a large set of muscular and environmental forces.
In this view, “movement” is a symmetry-breaking phenomenon,
i.e., the transition from an equilibrium state to another. In the
quest for motor modules,studies were carried out with intact and
spinalized animals (Bizzi et al.,1991;Mussa Ivaldi and Bizzi,2000;
d’Avella and Bizzi, 2005; Roh et al., 2011) showing that motor
behaviors may be constructed by muscle synergies, with the asso-
ciated force ﬁelds organized within the brain stem and spinal cord
and activated by descending commands from supraspinal areas.
Muscle synergies were also shown to be correlated to the control
of task-related variables (e.g., end-point kinematics or kinetics,
displacement of the center of pressure; (Ivanenko et al., 2003;
Torres-Oviedoetal.,2006).Usingtechniquesfromcontroltheory,
(Berniker et al., 2009) proposed a design of a low-dimensional
controller for a frog hind limb model, that balances the advan-
tages of exploiting a system’s natural dynamics with the need to
accuratelyrepresentthevariablesrelevantfortask-speciﬁccontrol.
Theydemonstratedthatthelow-dimensionalcontrolleriscapable
of producing movements without substantial loss of either efﬁ-
cacy or efﬁciency, hence providing support for the viability of the
muscle synergy hypothesis and the view that the CNS might use
such a strategy to produce movement“simply and effectively.”
We emphasize that the additivity of the muscle synergies is
ultimately made possible by the additivity of the underlying force
ﬁelds. In the classical view of EPH, the attractor dynamics that
underlies reaching movements is based on the elastic properties of
the skeletal neuromuscular system and its ability to store/release
mechanical energy. However, this may not be the only possibil-
ity. The discovery of motor imagery and the strong similarity of
the recorded neural patterns in overt and covert movements,sug-
gests that attractor dynamics and the associated force ﬁelds may
not be uniquely determined by physical properties of the neu-
romuscular system but may arise as well from “similar” neural
dynamics due to interaction among brain areas that are active in
both situations. In this sense, the original EPH viewpoint can be
extendedbypositingthatcortico-cortical,cortico-subcortical,and
cortico-cerebellar circuits associated with synergy formation may
alsobecharacterizedbysimilar attractormechanismsthatcooper-
ateinshapingﬂexiblebehaviorsof thebodyschemainthecontext
of ever-changing environmental interactions. The proposed PMP
framework goes in this direction.
Ontheotherhand,itisstillanopenquestionwhetherornotthe
motor system represents equilibrium trajectories (Karniel, 2011).
Many motor adaptation studies, starting with the seminal paper
by Shadmehr and Mussa-Ivaldi (1994), demonstrate that equilib-
rium points or equilibrium trajectories per se are not sufﬁcient
to account for adaptive motor behavior, but this is not sufﬁcient
to rule out the existence of neural mechanisms or internal models
capableofgeneratingequilibriumtrajectories.Rather,assuggested
byKarniel(2011),suchﬁndingsshouldinducetheresearchtoshift
from the lower level analysis of reﬂex loops and muscle proper-
ties to the level of internal representations and the structure of
internal models. This is indeed the motivation and the purpose of
our proposal: to model the posited internal models in terms of an
extension of the EPH.
OPTIMAL CONTROL THEORY
The ﬁrst attempt to formulate in a mathematical manner the
process by which the brain singles out a unique spatio-temporal
pattern for a reaching task among inﬁnite possible solutions was
formulated by Flash and Hogan (1985), in the framework of the
classical engineering design technique: optimal control theory
(OCT).Thegeneralideaisthatinordertodesignthebestpossible
controller of a (robotic/human) system, capable of carrying out
a prescribed task, one should deﬁne ﬁrst a “cost function,” i.e., a
mathematical combination of the control variables that yields a
single number (the “cost”): This function is generally composed
of two parts: a part that measures the “distance” of the system
from the goal and a part (regularization term) that encodes the
required “effort.” The design is then reduced to the computation
of thecontrolvariablesthatminimizethecostfunction,thusﬁnd-
ing the best possible trade-off between accuracy and effort. In
the case of Flash and Hogan (1985), the regularization term was
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the “integrated jerk” and they showed that the solution of such
minimizationtaskwasindeedconsistentwiththespatio-temporal
invariances found by Morasso (1981). Other simulation studies
foundsimilarresultsbychoosingdifferenttypesof costfunctions,
such as“integrated torque change”(Uno et al., 1989),“minimum
end-pointvariance”(HarrisandWolpert,1998),“minimumobject
crackle”(Dingwell et al.,2004),“minimum acceleration criterion”
(Ben-Itzhak and Karniel, 2008). In this line of research, optimal
control concepts were used for deriving off-line control patterns,
to be employed in feed-forward control schemes. A later develop-
ment (Todorov and Jordan,2002; Todorov,2004) suggested using
an extension of OCT that incorporates sensory feedback in the
computationalarchitecture.Inthisclosed-loopcontroltechnique,
a block named“Control Policy”generates a stream of motor com-
mandsthatoptimizethepre-deﬁnedcostfunctiononthebasisofa
current estimate of the“state variables”;this estimate integrates in
anoptimalway(bymeansof a“Kalmanﬁlter”)feedbackinforma-
tion (coming from delayed and noise-corrupted sensory signals)
with a prediction of the state provided by a “forward model” of
the system’s dynamics, driven by an“efference copy”of the motor
commands. One of the most attractive features of this formula-
tion, in addition to its elegance and apparent simplicity, is that it
blurs the difference between feed-forward and feedback control
because the control policy governs both. Recent developments
show that OCT has gradually emerged as a powerful theory for
interpreting a range of motor behaviors (Scott, 2004; Chhabra
and Jacobs, 2006; Li, 2006; Shadmehr et al., 2010), online move-
ment corrections (Saunders and Knill, 2004; Liu and Todorov,
2007), structure of motor variability (Guigon et al., 2008a; Kutch
et al., 2008), Fitts’ law and control of precision (Guigon et al.,
2008b) among others. At the same time, the framework has also
been applied for controlling anthropomorphic robots (Nori et al.,
2008; Ivaldi et al., 2010; Mitrovic et al., 2010; Simpkins et al.,
2011).
Open challenges in OCT
Abasicchallengewithinthisapproachistoderivetheoptimalcon-
trol signal with non-linear time-varying systems, given a speciﬁc
costfunctionandassumptionsastothestructureof thenoise.Itis
wellknownthatthisprocesscomeswithheavycomputationalcosts
and requires challenging mathematical contortions to solve even
the simplest of the linear control problems (Bryson, 1999; Scott,
2004). Recent reformulations (Todorov, 2009) attempt to speciﬁ-
cally address this topic by using concepts from statistical inference
and thereby reducing the computation of the optimal“cost to go”
function to a linear problem. At the same time, how these formal
methodscanbeimplementedthroughdistributedneuralnetworks
has been questioned by numerous authors (Scott, 2004; Todorov,
2006;Guigon,2011).Aseeminglyunrelatedissuethatisalsoworth
mentioning here concerns the relationship between posture and
movement. OCT based approaches generally speak about “goal
directed” movements and speak very little about the integration
(and interference) between posture and movement (Ostry and
Feldman, 2003; Guigon et al., 2007) in an acting organism. We
believe, all these issues are in fact related to the lack of considera-
tionof thecharacteristicsof theunderlyingneuromuscularsystem
that ultimately generates movement.
Optimal control theory is a sophisticated motor control model
directlyderivedfromengineering“servo”theory,extendedbyinte-
gratinginternalmodelsandpredictors.The“fact”isthatsuchengi-
neering paradigms were designed for high bandwidth, inﬂexible,
consistent systems with precision sensors. The “difﬁculty” lies in
adaptingthesemodelstothetypicalbiologicalsituation,character-
ized by low bandwidth,high transmission delays,variable/ﬂexible
behavior, noisy sensors, and actuators. In contrast, evolution nat-
urally aided biological systems to establish“soft”mechanisms that
“counteract”these factors and yet produce robust, ﬂexible behav-
iors. Motor control arises from the interplay between processes
both at neural and musculoskeletal levels. Although it is gen-
erally believed that the neural level has a dominant role in the
control of movements, there is evidence that the mechanics of
moving limbs in interaction with the environment can also con-
tributetocontrol(ChielandBeer,1997;Nishikawaetal.,2007).We
believe OCT based approaches that begin with the basic assump-
tion that behavior can be understood by minimization of a cost
function are too general and do very little to exploit speciﬁc prop-
erties of the system they intend to control. That such techniques
can be applied to a wide range of problems ranging from “ani-
mal foraging”to“national policy”making speaks rather about the
power of formal mathematical methods. However, when applied
to speciﬁc problems like coordination of movement in humans
or humanoids, it may be possible to simplify the computational
machinerybytakingintoaccountthepropertiesandconstraintsof
the physical system that is being coordinated (like,stiffness,reﬂex,
localdistributedprocessing/learningetc).Thismayinturnendow
the computational model with greater ﬂexibility, scalability, and
robustness.
Optimalityentailsthechoiceof acostfunction,whichindicates
a quantity to minimize. The nature of the cost function is a highly
debated issue. Part of the confusion arises from the fact that all
the proposed cost functions (jerk, energy, torque change, among
several others) make similar predictions on basic qualitative char-
acteristics of movement, e.g., trajectories, velocity proﬁles (Flash
and Hogan, 1985; Uno et al., 1989; Harris and Wolpert, 1998;
Todorov and Jordan, 2002; Guigon et al., 2007). Yet, a thorough
quantitative analysis is in general lacking that could provide more
contrastedresults.InthestandardformulationofOCT,thecostfor
being in a state and the probability of state transition depending
on the action are explicitly given (Doya,2009). However,in many
realistic problems,such costs and transitions are not known ap ri -
ori. Thus, we have to identify them before applying OCT or learn
to act based on past experiences of costs and transitions (using
reinforcement learning techniques etc). Similar difﬁculties also
occur in the robotic version of the “DoFs problem” because, for
robots interacting with unstructured environments, it is difﬁcult
toidentifyandcarefullycraftacostfunctionthatmaypromotethe
emergence/maturation of purposive, intelligent behavior. This is
relevantifwewanttogo“beyond”reach/graspmovementstomore
complex manipulation tasks like tool use which in fact “begins”
once an object of interest is reached and grasped. It has been
recently demonstrated ingeniously that it may be possible to learn
the desirability function without explicit knowledge of the costs
and transitions using “Z-learning” (Todorov, 2009). It has also
been shown to converge considerably faster than the popular “Q
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learning” (Watkins and Dayan, 1992). But as Doya (2009) sug-
gests, such learning may be trivial for examples like walking on
grid-like streets,but may turn out to be very complicated for cases
like shifting the body posture by activating several DoFs.
Comingtothetopicofredundancy,optimalcontrolcanbecon-
sidered as a solution for such problems by minimizing the norm
of the control signal, pseudo-inverse can be used to replace the
inverse model block in a non-invertible redundant system. How-
ever, a central issue that still remains to be understood is how
the brain uses different solutions under different circumstances
(Karniel,2011). Multiple internal models as proposed by different
authors (Wolpert and Kawato, 1998; Haruno et al., 2001; Demiris
andKhadhouri,2006)mightbethekeytorepresentmultiplesolu-
tionstothesamegoal.Nevertheless,thecriterionforselectingone
of the multiple solutions under various cases is open for future
research.This goes to the contentious issue of“Sub–optimality.”The
issue of sub-optimality in motor planning and the role of “motor
memory”in consolidating the choice of a suboptimal strategy has
been recently addressed by Ganesh et al. (2010), by showing the
role of motor memory in the local minimization of task-speciﬁc
variables. Zenzeri et al. (2011) have addressed this issue in rela-
tion with bimanual stabilization of an unstable task. The ability
of expert users to switch between control strategies with strongly
differentcostfunctionswasexploredrecentlybyKodletal.(2011),
who showed that in suitable behavioral conditions subjects may
randomly select from several available motor plans to perform a
task. Generally speaking, the investigation of tasks that attempt to
address activities of daily life, rather than artiﬁcial lab experiments,
shows that the traditional approach to motor control, in the frame-
work of a single plan,characterized by regular patterns related to the
minimumofacostfunction,canonlyofferanarrowviewoftheissue.
Incontrast,whatisneededisamechanismtohierarchicallystructure
and modulate motion plans “on-line,” in a multi-referential frame-
work,insuchawaytoallowtomixgoalsandconstraintsinavariety
of task-related reference systems.
All this is not to say that optimal control concepts are not
relevant for addressing motor control and synergy formation in
humansandhumanoidrobots,setasidethesuccessfulapplication
of optimization techniques and Bayesian modeling to multisen-
sory and sensorimotor integration (Ernst and Banks, 2002; Kord-
ing and Wolpert, 2004; Stevenson et al., 2009). The point is that
most studies on application of OCT to motor control were aimed
atglobaloptimization,wheresubjectsweresupposedtosearchthe
unique optimal solution for the given task and the issue of sub-
optimality, if considered at all, was limited to address incomplete
convergence to the unique optimum (Izawa et al., 2008). In con-
trast,reallifetasksthatrequireskilledcontrolof toolsinavariable,
partially unknown environment are likely to require the ability to
switch from one strategy to another, in the course of an action,
accepting suboptimal criteria, in each phase of the action, provided
that the overall performance satisﬁes the task requirements. In this
sense,the existence of multiple optima and the ability of the subjects
to access them is a key element of skilled behavior.At the same time,
taking into account the properties and constraints of the physical
(and musculoskeletal) system that is being coordinated can alle-
viate issues related to “computational cost,” posture–movement
integration, local computing principles realized using distributed
neural networks, and motor skill learning. The PMP framework,
analyzed in the following sections,goes in this direction.
PASSIVE MOTION PARADIGM: THE GENERAL IDEA
AnalternativetoOCT(bothversions,feed-forwardandfeedback)
as a general theory of synergy formation, is the passive motion
paradigm (PMP: Mussa Ivaldi et al.,1988). The focus of attention
is shifted from cost functions to force ﬁelds. The basic idea can
be formulated in qualitative terms by suggesting that the process
by which the brain can determine the distribution of work across
a redundant set of joints, when the end-effector is assigned the
task of reaching a target point in space, can be represented as an
“internal simulation process”that calculates how much each joint
would move if an externally induced force (i.e.,the goal) pulls the
end-effector by a small amount toward the target. This internal
simulation in turn causes the incremental elastic reconﬁguration
of the internal body schema involved in generating the action,
by disseminating the force ﬁeld across the kinematic chain (more
generally, task-speciﬁc kinematic graph) which characterizes the
articulated structure of the human or robot. The mechanism is
labeled “passive” in line with the EPH because the equilibrium
point is not explicitly speciﬁed by the brain. Instead, it just con-
tributestotheactivationof“task-related”forceﬁelds.Whenmotor
commands obtained by this process of internal simulation are
actively transmitted to the actuators, the robot will reproduce the
same motion.
Considering the mounting evidence from neuroscience in support
of common neural substrates being activated during both “real and
imagined” movements (Jeannerod, 2001; Kranczioch et al., 2009;
Munzertetal.,2009;Thiriouxetal.,2010),itisnotunreasonableto
posit that also real,overt actions are the results of an“internal simu-
lation” as in PMP. We further posit that this internal simulation is a
result of the interactions between the “internal body model” and the
attractordynamicsofforceﬁeldsinducedbythegoalandtask-speciﬁc
constraints involved during the performance of an “Action.” If the
mentalsimulationconverges(i.e.,goalisrealized),thenthemove-
mentcanbeexecuted.Otherwise,convergencefailuremayplaythe
role of a crucial internal event, namely the starting point to break
the action plan into a sequence of sub-actions,by recruiting addi-
tional DoFs, affordances of tools that may allow the realization of
the goal etc. In this sense,PMP can be considered a generalization of
EPH from action execution (“overt actions”) to action planning and
reasoning about actions (“covert actions”).
Passive motion paradigm: the computational formulation
Let q be the set of all the DoFs that characterize the body of a
human or humanoid, possibly extended by including the DoFs of
a manipulated object (like a tool). Any given task identiﬁes one
or more “end-effectors” and is deﬁned by the motion x(t) of one
end-effectorwithrespecttosomereferencepoint.Thenaturalref-
erence frame for x(t) is linked to the environmental (extrinsic)
space and not the joint (intrinsic) space. Moreover, the dimen-
sionality of q is generally much greater than the dimensionality
of x.
The basic idea of the PMP is to express the goal of an action
(e.g.,“reachatargetpointP”)bymeansof anattractiveforceﬁeld,
centered in the target position (the target is the “source” of the
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ﬁeld) and apply it to the body schema, in particular to the task-
related end-effector. The whole body schema will be displaced
from the initial equilibrium conﬁguration to a ﬁnal conﬁguration
where the force is null (when the end-effector reaches the target).
This relaxation process, from one equilibrium state xA=f(qA)t o
another one xB=f(qB)1, is analogous to the mechanism of coor-
dinating the motion of a wooden marionette by means of strings
attached to the terminal parts of the body: the distribution of the
motion among the joints is the “passive” consequence of the vir-
tual forces applied to the end-effectors and the “compliance” of
different joints.
It is possible to express the dynamics of PMP by means of a
g r a p ha si nFigure 1 (top panel). In mathematical terms the PMP
can be expressed by the following equations:
⎧
⎪ ⎨
⎪ ⎩
F = K (xP − x)
T = JT F
˙ q = Γ(t)AT
(1)
F is the force ﬁeld, with intensity and shape determined by the
matrix K. In the simplest case, K is proportional to an identity
matrix and this corresponds to an isotropic ﬁeld, converging to
the target along straight ﬂow lines. J is the Jacobian matrix of the
kinematicmappingfromq tox.Thismatrixisalwayswelldeﬁned,
whatever the degree of redundancy of the system. For humanoid
robots,it can be easily computed analytically. In biological organ-
isms, in which x and q are likely represented in a distributed
manner,J canbelearntthrough“babbling”movementsandrepre-
sented by means of neural networks (Mohan and Morasso,2007).
An important property of kinematic chains is that while the Jaco-
bianmatrixmapselementarymotions(orspeedvectors)fromthe
intrinsic to the extrinsic space,the transpose Jacobian maps forces
(or force ﬁelds) from the extrinsic to the intrinsic space.
The bottom panel of Figure 1 illustrates the process of map-
ping the task-oriented “force ﬁeld” deﬁned in the extrinsic space
into a “torque ﬁeld” in the intrinsic joint space: this is the crucial
stepinsolvingtheDoFproblembecausetheformerﬁeldgenerally
hasamuchsmallerdimensionalitythanthelatterandstilltheyare
causally related in a ﬂexible way. The dimensionality imbalance
implies that each point in the extrinsic space (a given position of
the task-selected end-effector) corresponds to a whole manifold
in the intrinsic space, what is also known as the “null space” of
the kinematic function x=f(q). In the example of Figure 1, this
manifold is a curved line that stores all the possible joint conﬁgu-
rations compatible with a given position of the end-effector. The
shape of the torque ﬁeld implicitly determines which conﬁgura-
tion is chosen. A is a virtual admittance matrix that transforms
the torque ﬁeld to the degree of participation of any individual
joint to the collective relaxation process. The fact that trajectories
generated according to this mechanism tend to be straight is implicit
in the shape of the force ﬁeld and is not explicitly “programmed.”
Γ(t) is a time-varying gain, or time base generator, that imple-
ments “terminal attractor dynamics” (Zak, 1988). A terminal
1x = f (q)isthekinematicfunctionthatdeterminesthepositionof anyend-effector
given the values of the DoFs, i.e., the forward kinematics of the coordinated body
chain.
attractor is an equilibrium point which is reached in a speciﬁed,
ﬁnite time, in contrast with the asymptotic behavior of standard
attractorsystems.Informallystated,theideabehindterminalattrac-
tor dynamics is similar to the temporal pressure posed by a deadline
in a grant proposal submission. A month before the deadline, the
temporalpressurehaslowintensityandthustherateof document
preparation is scarce. But the pressure builds up as the deadline
approaches,in a markedly non-linear way up to a very sharp peak
the night before the deadline, and settles down afterward. The
technique was originally developed by Zak (1988) for associative
memories and later adopted for the PMP both with humans and
robots (Morasso et al., 1994, 1997, 2010; Tsuji et al., 2002; Tanaka
et al.,2005;Mohan et al.,2009,2011a). It should be remarked that
the mechanism, in spite of its simplicity, is computationally very
effective and can be applied to systems with attractor dynamics of
any complexity. From the conceptual point of view, Γ(t) has the
role of the GO-signal advocated by Bullock and Grossberg (1988)
for explaining the dynamics of planned arm movements.
Equation 1 expresses the“Inverse Internal Model”of the com-
putational architecture that generates synergetic activations of all
the joints q(t), to be sent to the motor controller. But this is only
part of the machinery which is necessary for carrying out mental
simulations of virtual and real actions. The missing part is a“For-
ward Internal Model,” driven by an efference copy of the ﬂow of
motor commands. This model generates a prediction of the tra-
jectory of the end-effector which can be compared with the (ﬁxed
ormoving)targetinordertoupdatethedrivingforceﬁeldapplied
to the end-effector:
˙ x = J ˙ q (2)
With this prediction, the loop is closed, deﬁning the PMP as an
integrated, multi-referential system of action representation and
synergyformation,withaForwardandanInverseInternalModel.
Task-speciﬁc PMP networks: extracting general principles
Passive motion paradigm is a task-speciﬁc model. PMP networks
have to be assembled on the ﬂy based on the nature of the motor
task and the body segment (and tool) chosen for its execution.
We believe that runtime creation/modiﬁcation of such networks
is a fundamental operation in motor planning and action synthe-
sis. In this section, we outline some general principles underlying
the creation of task-speciﬁc PMP networks, in order to coordi-
natebody/body+toolchainsofarbitraryredundancy.Atthesame
time,wealsodiscusshowsuchaformulationcanalleviatesomeof
theopenissueswiththeOCTapproachmentionedin“OpenChal-
lengesinOCT.”Weillustratethecentralideasusingtwoexamples:
(1) a common day to day bimanual coordination task, namely
controlling the steering wheel of a car (Figure 2), which cap-
tures both the modularity and computational organization of the
framework and (2) Whole upper body coordination in the baby
humanoid iCub (Sandini et al., 2004), that captures implemen-
tation aspects of such a network (Figure 3) while coordinating a
highly redundant body.
Motor spaces. Consider the common task of bimanually con-
trolling a steering wheel. One of the ﬁrst things to observe is
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FIGURE 1 |Top panel. Basic kinematic network that implements the
passive motion paradigm for a simple kinematic chain (as the arm). In this
simple case, the network is grouped into two motor spaces (extrinsic or end
effector space and intrinsic or arm joint space). Each motor space consists
of a generalized displacement node (blue) and a generalized force node
(pink). Vertical connections (purple) denote impedances (K: Stiffness, A:
Admittance) in the respective motor spaces and horizontal connections
denote the geometric relation between the two motor spaces represented
by the Jacobian (Green).The goal induces a force ﬁeld that causes
incremental elastic conﬁgurations in the network analogous to the
coordination of a marionette with attached strings.The network also
includes a time base generator which endows the system with terminal
attractor dynamics: this means that equilibrium is not achieved
asymptotically but in ﬁnite time. External and internal constraints
(represented as other task-dependent force/torque ﬁelds) bias the path to
equilibrium in order to take into account suitable “penalty functions.”This is
a multi-referential system of action representation and synergy formation,
which integrates a Forward and an Inverse Internal Model. Bottom panel.
The ﬁgure illustrates the key element of the architecture of Figure 1 for
solving the degrees of freedom problem, namely the mapping of the “force
ﬁeld,” deﬁned in the extrinsic space and applied to the end-effector, into the
corresponding “torque ﬁeld,” deﬁned in the intrinsic space and applied to
the joints.The mapping is implemented by means of the transpose Jacobian
matrix of the kinematic transformation. Dimensionality reduction is obtained
implicitly by letting the internal model “slide” in the torque ﬁeld. Each point
of the trajectory in the extrinsic space corresponds to a whole manifold in
the intrinsic space (the “null space” of the kinematic transformation).The
equilibrium point in the force ﬁeld corresponds to an equilibrium manifold in
the torque ﬁeld.The selection among the inﬁnite number of possible targets
is carried out implicitly by the combination of different force/torque ﬁelds.
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FIGURE2|P assive motion paradigm network for a common day to day
bimanual task such as controlling the steering wheel of a car. Note that
the basic PMP sub network (of Figure 1) is repeated for the right and the left
arm. Since the goal is to coordinate bimanually a steering wheel, the network
is grouped into the different motor spaces involved in this action, i.e., tool,
hand, arm joint, and waist space. Each motor space consists of a
displacement (blue) and force node (pink) grouped as a work unit. For
example, the blue node in right hand PMP transmits the instantaneous
position of the right hand, while the pink node transmits the force exerted by
it. Vertical connections (purple) within each work unit denote the impedance,
while horizontal connections (green) between two work units denote the
geometric transformation between them (Jacobian: J). In this complex PMP
network, there are two additional nodes “sum” and “assignment,” that add
or assign (forces or displacements) between different motor spaces. Also
note that the resulting network is fully connected, connectivity articulated in a
fashion that all transformations are “well posed.” Intuitively, as the goal pulls
the tool tip, the end-effectors are being simultaneously pulled to respective
positions so as to allow the tool to reach the goal. At the same time, the joints
(in the two arms and waist) are being pulled to values that allow the two
hands to reach positions that allow the tool to reach the goal.This process of
incremental updating of every node in the network continues till the time the
tool tip reaches the goal (and equivalently the force ﬁeld in the network is 0).
Also note that all computations are local in the sense that every element
responds to the pull of the goal based on its own impedance and all these
local contributions sum up to create the global synergy achieved by the
network.
the diversity of descriptions that are plausible for any motor
event. For example, we can describe the same task using a
mono-dimensional steering wheel pattern or a 6-dimensional
limb space pattern or a 7-dimensional joint rotation pattern or
multi-dimensional muscle contraction patterns. Figure 2 gives
an explicit PMP network to incrementally derive the 7-D joint
rotation patterns for each arm from the 1-D steering wheel
plan. Since any motor action can be described simultaneously
in multiple motor spaces (tool, end-effector, joint, actuator),
PMP networks are “multi-referential.” The type of motor spaces
involved in any PMP relaxation depends on the task and body
chain responsible for its execution. By default, for action gen-
eration using the upper body of a humanoid robot, there are
three motor spaces: end effector, arm joints, and waist (see
Figure 3A).
Work units. All motor spaces have a pair of generalized force
and displacement vectors grouped together as a work unit (in all
PMP networks, position nodes are shown in blue, force nodes
are shown in pink). For example, x and q denote displacement
vectors, i.e., position of the hand and rotation at the arm and
waist space respectively; f and τ denote force vectors, i.e., force at
the hand space and torques at the joint space, respectively. If a
task involves use of a tool, the tool space is also represented sim-
ilarly with a generalized force and displacement node. Hence, in
Figure 2, ρ denotes a generalized displacement (rotation of the
steering wheel) and ψ denotes a generalized force (i.e., the steer-
ing wheel torque). The scalar work (force×displacement) is the
structural invariant across different motor spaces (thus the name
work unit: WU). Hence, in PMP the invariance of energy by coor-
dinate transformations (principle of virtual works) is used to relate
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FIGURE 3 | Bimanual coordination task of reaching two objects at the
same time. (A) PMP network for the upper body with two target goals
and a single time base generator.The network includes three modules: (1)
Right arm, (2) Left arm, (3) Waist.The dimensionality of JR and JL is 3×10
(this includes the seven DoF’s of the arms and the three DoF’s of the
waist).The dimensionality of Aj is 7×7 and of AT is 3×3.The three
sub-networks interact through a pair of nodes (“assignment” and “sum”)
that allow the spread of the goal-related activation patterns. (B,C) Show
the initial and the ﬁnal posture of the robot and the two target objects.
(D,E) Show the trajectories of the two end-effectors and the
corresponding speed proﬁles (together with the output Γ(t) of the time
base generator). (F) Clariﬁes the intrinsic degrees of freedom in the right
arm-torso chain. (G) Shows the time course of the right-arm joint rotation
patterns: J0–J2: joint angles of the Waist (yaw, roll, pitch); J3–J9: joint
angles of the Right Arm (shoulder pitch/yaw/roll; elbow ﬂexion/extension;
wrist prono supination pitch/yaw).
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entities in different motor spaces. The relaxation process achieved
by PMP incrementally derives trajectories in all the nodes (force
and displacement) of the participating WU’s. For example, in a
PMP relaxation for a simple reaching task (like in Figure 3), we
get four sets of trajectories (as a function of time): (1) trajectory
of joint angles given by the position node in the joint space (arm
and waist, see Figure 3G); (2) the resulting consequence, i.e., the
trajectoryof end-effectorsgivenbythepositionnodeinendeffec-
tor space (Figure3D);(3) the trajectory of torques at the different
joints (arm and waist), given by the force node in the joint space;
(4) the resulting consequence, i.e., the trajectory of forces applied
by the end effector given by the force node in the end effector
space.
Connectivityandcircularity. Thenextthingtoobserveisthatall
PMPnetworks(Figures2and3A)arefullyconnectedinthesense
that any node can be reached from any other node. In other words,
PMPnetworksare“circular.”The“goal”canbeappliedatanynode
inthenetwork,basedonthetask.Theconnectivityallowstheforce
ﬁelds induced by a goal to ripple across the whole network. As a
simpleexample,if wedeactivatetheleftarmandthewaistspacein
Figure3A and enter the network at the right arm end effector dxr
and exit at right arm joint space dqr, we get the following rule for
computingincrementaljointangles:dqr =ARJTKRdxr.Therules
become more complex as additional motor spaces participate in
the PMP relaxation.
Analogous to electrical circuits, connectivity in any PMP net-
work are of two types: serial and parallel. In a serial connection,
position vectors are added. For example, links are serially con-
nected to form a limb. In a parallel connection, force vectors are
added. For example, when we push an external object with both
arms,theforceappliedbyindividualarmsisadded.Inthesteering
task,thetwohandsareconnectedinparalleltothedevice(wheel),
links are connected serially to form the two limbs and muscles are
connected in parallel to a link. The task device, tool or effector
organ to which the “motor goal” is coupled is always the starting
point to build the PMP network. From there we may enter differ-
ent motor spaces in the body model of the actor,hence branching
the PMP network into serial or parallel conﬁgurations down to
directly controlled elements relevant for a particular task.
Branchingnodes(+/=). Incomplexkinematicstructures,where
there are several serial and parallel connections, two additional
nodes, i.e., Sum (+) and Assignment (=)a r eu s e dt o“ a d do r
assign”displacementsandforcesfromonemotorspacetoanother.
Forexample,inFigure3Atheassignmentnodeassignsthecontri-
bution of the waist (to the overall upper body movement toward
a goal), to the right and left arm networks. On the other hand,
the net torque seen at the waist is the “sum” of torques com-
ing from the right and left arm PMP sub-networks (because of
the individual force ﬁelds experienced by the right and left arms
respectively). Sum and assignment nodes are dual in nature. If
an assignment node appears in the displacement transformation
between two WU, then a sum node appears in the force trans-
formation between the same WU’s. This can be understood as a
consequence of conservation of energy between two WU’s. Fur-
ther, sum and assignment nodes can also appear at the interface
between the body and a tool, in order to assign/sum forces and
displacements from the external object to the end-effectors and
vice versa (like in Figure 2).
Geometric causality. This is expressed by the Jacobian matrices
that form the horizontal links in the PMP network. They connect
twoWU’sormotorspacestogether.Whetheritisaserialorparallel
connection, the mapping between one motor space to another is
generally“non-linear”and“irreversible.”Thismappingcanbelin-
earized by considering small displacements (or velocities), whose
representationsinanytwomotorspacesarerelatedbytheJacobian
matrix: for example, dxr=JR(q)dqr. Further, while the Jacobian
determines the mapping of small displacements in one direction,
the transpose Jacobian determines the dual relation among forces
in the opposite direction (principle of virtual works). For exam-
ple,inFigure3A,thespaceJacobiansJR andJL mapjointrotation
patterns of the two arms and waist into displacements of the two
hands, while the corresponding transpose Jacobians project dis-
turbance forces F applied on the hands into corresponding joint
torques.ThetoolJacobianJT formstheinterfacebetweenthebody
and the tool and represents the geometrical relationship between
thetoolandtheconcernedend-effector.Whilelearningtousedif-
ferent tools, it is the tool Jacobians at the interface that are learnt.
Based on the tool being coordinated, it is necessary to load the
appropriate device Jacobian associated with it.
Elasticcausality. ThisisexpressedbytheverticallinksinthePMP
network and is implemented by stiffness and admittance matri-
ces. These links connect generalized force nodes to displacement
nodes (or vice versa) in each WU. Hooke’s law of linear elasticity
can be generalized to non-linear cases by considering differential
variations:dF =K·dX and dX=A·dF,whereK is the virtual stiff-
ness and A is the virtual admittance. In the former case, effort is
derived from position; whereas in the latter, position is derived
from effort. For example, in Figure 3A, the virtual stiffness Ke
determines the intensity and shape of the force ﬁeld applied in the
right and left hand networks. In the simplest case, K is propor-
tional to the identity matrix and this corresponds to an isotropic
ﬁeld, converging to the goal target along straight ﬂow lines (see
Figure 1, bottom panel, and Figure 3D for the case of bimanual
reaching). Curved trajectories (like in hand-written characters of
differentscripts)canbeobtainedbyactivelymodulating(orlearn-
ing) the appropriate values of the virtual stiffness (Mohan et al.,
2011b).
Role of admittance in the intrinsic space. In PMP networks, the
effect of admittance is“local.”Every intrinsic element (for exam-
ple, a joint in the arm) responds to the goal induced “force ﬁeld”
based on its own “local” admittance. Hence, it is not the precise
values of the admittance of every joint, but the balance between
them that affects the ﬁnal solution achieved. This balance can be
alteredinalocaland“task–speciﬁc”fashion.Innormalconditions,
we consider that all the participating joints are equally compliant.
In this case, the admittance is an identity matrix (for a seven DoF
arm, it is a 7×7 identity matrix). On the other hand, by locally
modulating individual values, it is possible to alter the degree of
participationof eachjointtothecoordinatedmovementwhilenot
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affecting the solution at the end effector space (see Figure 1 bottom
panel). For example, Figure 4A shows the initial condition with
the goal being issued to reach the large cylinder (placed far away
and asymmetrically with respect to the robot’s body) using both
arms. Figure 4B shows the ﬁnal solution when the admittance of
the three DoF of the waist is reduced 10 times as compared to the
two arms.Without the contributions of the additional DoF of the
torso, it not possible to bimanually reach the target. Figure 4C
showsthesolutionwhenthewaistadmittanceismadeequaltothe
arms.Inthiscase,notethecontributionsfromallthreeDoFsofthe
torso (Figure 4B), hence enabling iCub to bimanually reach the
cylinder successfully in this case. An alternative way to interpret
this behavior is that,in the former case (Figure4B) the force ﬁeld
induced by the goal did not propagate through the waist network.
In other words, the propagation of goal induced force ﬁeld across
different intrinsic elements of the body can be modiﬁed by alter-
ingtheirlocaladmittance.Thisrelatestotheissueof“grounding.”
FIGURE4|E f f ects of modulating the admittance in the intrinsic space
on the ﬁnal posture achieved through PMP relaxation. (A) Shows the
initial condition with the goal being issued to reach the large cylinder
(placed far away and asymmetrically with respect to the robot’s body) using
both arms. (B) Shows the ﬁnal solution when the admittance of the three
DoF of the waist is reduced 10 times as compared to the two arms.
Without the contributions of the additional DoF of the torso, it is not
possible to bimanually reach the target. An alternative way to interpret this
behavior is that the force ﬁeld induced by the goal did not propagate
through the waist network because of its lower admittance (in comparison
with the arm networks). In other words, the propagation of goal induced
force ﬁeld across different intrinsic elements of the body can be modiﬁed
by altering their “local” admittance. (C) Shows the solution when the waist
admittance is made equal to the arms. In this case, note the contributions
from all three degrees of freedom of the torso (B), hence enabling iCub to
bimanually reach the cylinder successfully in this case. (D–F) Show a
simple scenario where the goal is to reach a target using the whole body
but also attain a speciﬁc posture as demonstrated by the teacher [(D):
Nearby target, (E,F) far way target]. If the admittance of the hip was
reduced from 2.5 to 0.1 (rad/s/Nm) in (F) (keeping admittance of other joints
constant), and we see two different postures: one that uses the hip more
(E) and the other in which the knees compensate for the low admittance of
the hip (F).This local and modular nature of motion generation is also
evident during injury, when other degrees of freedom compensate for the
temporarily “inactive” element, in reaction to the pull of a goal.This is a
natural property of the PMP mechanism.
Sincetherearemanypossiblekinematicchainsthatcanbecoordi-
natedsimultaneouslyinacomplexhuman/humanoidbody,based
on the nature of the motor task it is necessary to identify the start
and end points in the body schema between which the force ﬁelds
generated by the goal will propagate, and beyond which the force
ﬁeldsgeneratedbythegoalwillnotpropagate.Suchgroundingcan
be easily achieved by modulating the local admittance of intrinsic
elementsinatask-speciﬁcfashion.Forexample,ifthewaistadmit-
tanceisverylow,thisisequivalenttogroundingthenetworkatthe
shoulders. In the steering wheel task the body is grounded at the
waist. At the same time, additional DoFs can be “incrementally”
recruited in the relaxation process based on the success/failure of
the task.
The issue of generating different solutions by actively modu-
lating the admittance of different joints has been demonstrated
for whole body reaching (WBR) tasks using the PMP (Morasso
et al.,2010). Figures 4D–F show a simple scenario where the goal
is to reach a target using the whole body but also attain a speciﬁc
posture as demonstrated by the teacher (Figure4D:nearby target,
Figures 4E,F far away target). In such cases, it may be “percep-
tually” possible to determine approximately the contribution of
different body parts to the observed movement. Such perceptual
information can “locally” modulate the participation of differ-
ent DoFs, hence inﬂuencing the nature of solution obtained. For
example, if the admittance of the hip was reduced from 2.5 to
0.1 (rad/s/Nm) in Figure 4F (keeping admittance of other joints
constant),and we see two different postures: one that uses the hip
more (Figure 4E) and the other in which the knees compensate
forthelowadmittanceof thehip(Figure4F).Thislocalandmod-
ularnatureof motiongenerationisalsoevidentduringinjury(for
example, a fracture to elbow), when other DoFs compensate for
thetemporarily“inactive”element,inreactiontothepullof agoal.
This is a natural property of the PMP mechanism (and does not
require any additional computation).
Finally, we must note that even though an elastic element is
reversible in nature, in articulated elastic systems like in PMP,
a coherence of representation dictates the “direction” in which
causality is directed.
Directionality. The issue that needs to be understood now is the
“direction”in which information should ﬂow in a fully connected
network like PMP. This is a critical issue not only while control-
linghighlyredundantbodies,butalsowhentoolswithcontrollable
DoFs are coordinated. The short answer to the question is that the
direction in which information ﬂows is constrained by the fact
that PMP networks always operate through “well posed” computa-
tions/transformations.Inwhichdirectionatransformationis“well
posed” depends on the motor spaces involved and the type of
connectivity (i.e.,serial or parallel) between them.
Serial connections. Consider, for example, a serial kinematic chain
like the right arm of iCub, which involves two motor spaces,
namely the end effector and the arm joint space (Figures 2 and
3A). In serial connections, vectors of higher dimensionality are
transformed into vectors of lower dimensionality (joint angles
transform to hand coordinates). Thus the Jacobian matrix has
more columns’ than rows (for example, considering that the end
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effector position is represented in 3D Cartesian space coordinates
and the arm has seven joints, the resulting Jacobian matrix has
three rows and seven columns). What transformations are well
posed in a serial connection? We can observe that given the joint
angles of the arm, it is possible to uniquely compute the position
of the end effector. So the transformation from position node in
joint space to position node in end effector space is well posed. In
contrast, the transformation in the opposite direction is not well
posed, in the sense that given an end effector position it is not
possible to uniquely compute the value of the joint angles. The
reason is that there are more unknowns (joint angles) than the
equations,thusresultingininﬁnitesolutions.Similarly,comingto
transformationbetweenforcenodes,notethatthetransformation
from end effector force to joint torques via the transpose Jaco-
bian is well posed (T=JTF: there are seven equations and seven
unknowns if the arm has seven joints). However, the transforma-
tion in the opposite direction is ill posed, i.e., given a set of joint
torques it is not possible to compute the hand force since there
are more constraint equations than unknowns. This is the reason
that in the PMP networks of ﬁgures 2 and 3A we move from the
position node in arm space to the position node in end effector
space and force node in end effector space to force node in joint
space. Further, this also preserves the circularity in the network.
Parallel connections. The parallel connection is a dual version of
the serial connection. A biological example of parallel connection
is the relationship between muscle and skeleton. The problem of
ﬁnding the joint torque given the muscle forces is well posed, but
the inverse problem results in inﬁnite solutions (because there
aremoreunknownsthanequations).Theconnectionbetweenthe
two arms and the steering wheel (Figure 2) is also an example
of a parallel connection. There can be inﬁnite possible combina-
tions of forces exerted by the two hands“in parallel”to generate a
givensteeringwheeltorque,butthetransformationintheopposite
direction is well posed. Similarly, given a steering wheel rotation
it is possible to uniquely compute the position of the two hands.
Hence in Figure 2, there is a position to position transformation
from the steering wheel space to hand space, and force to force
transformation from the hand space to steering wheel space.
In sum, the direction in which causality is directed in a PMP
networkisconstrainedbythefactthatallcomputationsinthenet-
work should be“well posed.”Operating through well posed com-
putations (and avoiding inversion of a generally non-invertible
redundant system) signiﬁcantly reduces the computational over-
head. Further, since computations are always “well posed and
linearized,” PMP mechanisms do not suffer from the curse of
dimensionality and can be easily scaled up to any number of
DoFs. This is not the case with OCT where it is well known that
non-linearity and high dimensionality can signiﬁcantly affect the
computational overhead and numerical stability of the solution
(Bryson, 1999; Scott, 2004).
A more general question can be asked as to“How andWhy”com-
putations turn out to be well posed in PMP? The answer is that
they are “constrained” by the physical properties of the system
they intend to model. For example, natural direction of causality
for a muscle is to receive ﬂow and yield force, and the natural
direction of causality for the joint is to receive force and yield
ﬂow (which is the reason the joint space receives the force ﬁeld as
input and yields joint rotations as output, which in turn uniquely
determines end effector displacement). In fact, a detailed analy-
sis of issues related to modularity and causality in physical system
modelinggoesbacktoaseminalpaperbyHogan(1987),withcon-
tributionsfromHenryPaynter(of theBondgraphapproach),that
we merely revisit with the PMP model. We think that techniques
that start with the assumption that behavior can be understood
by minimization of a cost function,even though very general and
powerful in explaining observed systematic correlations in wide
range of behaviors, often neglect the speciﬁc physical properties
of the system they intend to model (Guigon, 2011) and that in
turn results in unnecessary“costs.”
Local to global, distributed computing. From the perspective of
local to global computing,note that,every element in every“work
unit”involved in any PMP network always makes a local decision
regarding its contribution to the externally induced pull,based on
its own impedance. All such local decisions synergistically drive
the overall network to a conﬁguration that minimizes its global
potential energy. This is analogous to the behavior of well known
connectionist models in the ﬁeld of artiﬁcial neural networks like
Hopﬁeldnetworks(Hopﬁeld,1982).Differentimplementationsof
the PMP using back propagation networks (Mohan and Morasso,
2006, 2007) and self organizing maps (Morasso et al., 1997)h a v e
already been conceived and implemented on the iCub humanoid.
Thus,thelocal,distributednatureofinformationprocessingmakesit
possible to explain how computations necessary for PMP relaxation
can actually be realized using neural networks, whereas this is still
an open question for the formal methods employed by OCT (Scott,
2004; Todorov, 2006).
Timing. Therearealwaystemporaldeadlinesassociatedwithany
goal.Controlover“timeandtiming”iscrucialforsuccessfulaction
synthesis,be it simply reaching a target in a ﬁnite time or complex
scenarios like synchronization of PMP relaxations with multiple
kinematic chains (bimanual coordination), trajectory formation,
multi tasking etc.A way to explicitly control time,without using a
clock, is to insert in the non-linear dynamics of the PMP, a time-
varying gain Γ(t) according to the technique originally proposed
by Zak (1988) for speeding up the access to content addressable
memories and then applied to a number of problems in neural
networks. In this way, the dynamics of the PMP network is char-
acterized by terminal attractor properties (Figure 3E shows the
timing signal). This mechanism can be applied to any dynamics
where a state vector x is attracted to a target xT by a potential
function, such as V(x)=1/2(x−xT)TK(x−xT), according to a
gradient descent behavior: ˙ x =− ∇ V(x) ,w h e r e V(x) is the
gradient of the potential function, i.e., the attracting force ﬁeld.
Based on the nature of the task, there can either be single or
multiple timing signals, hence allowing action sequencing, syn-
chronization, mixing of force ﬁelds generated by multiple spatial
goals,generationofadiverserangeofspatio-temporaltrajectories.
PMP and bond graphs. PMP networks have some similarity
with bond graphs (Paynter, 1961). Both are graphical represen-
tations of dynamical systems which are port-based, emphasizing
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the ﬂow of energy rather than the ﬂow of information as it hap-
pens in the network diagrams. However, bond graphs represent
bi-directional exchange of physical energy among interconnected
devicesinagivenapplicationdomain(mechanical,electrical,ther-
mal,hydraulic,etc.),with the purpose of simulating the dynamics
of the interconnected system. In contrast,PMP-networks are con-
ceived at a more abstract level, which is concerned with the
internal representation of the body schema, not as a static map
but as a multi-referential dynamical system. Moreover, PMP-
graphs are intrinsically unidirectional, in such a way to restrict
the overall dynamics to well-formed transformations between
motor spaces of different dimensionality (as described under the
“Directionality”subheading).
To sum up, in the example of the steering wheel rotation
task, a small wheel rotation incrementally assigns (through the
assignment node) motion to the two hands connected in parallel,
according to the “weight” JT (this transformation is well posed).
The force disturbance is computed for the imposed displacement
in the end effector space “dx” using the stiffness matrix “K.” The
resultant force vector determines a torque vector which yields a
jointrotationdqviathetransposeJacobianandcompliancematrix
A,respectively(thistransformationisalsowellposed).Finally,the
steering wheel torque is the summed contribution coming from
the two arms (through the sum node) and weighted by transpose
of the device Jacobian (this transformation is also well posed).
The timing signal allows smooth synchronized motion of the
two hands, converging to equilibrium in ﬁnite time. In sum, the
relaxation process of the PMP network allows us to effectively
characterize this highly redundant task of bimanual coordination
and incrementally derive the multi-dimensional actuator patterns
from a mono-dimensional steering wheel rotation plan.
INCORPORATING TASK-SPECIFIC “INTERNAL AND EXTERNAL”
CONSTRAINTS
Equation 1 can also be seen as the on-line optimization of a cost
function,thedistanceof theend-effectorfromthetarget,compat-
iblewiththekinematicconstraintgivenbythekinematicstructure
and represented by the admittance matrix A. However, this is just
the simplest situation,which can be expanded easily to include an
arbitrary number of constraints or penalty functions, in the form
of force ﬁelds deﬁned either in the extrinsic space or intrinsic
space:
 
F = F1 (x, ˙ x) + F2 (x, ˙ x) + F3 (x, ˙ x) + ...
T = T1
 
q, ˙ q
 
+ T2
 
q, ˙ q
 
+ T3
 
q, ˙ q
 
+ ...
(3)
A constraint in the extrinsic space could be an obstacle to avoid,
an appropriate hand pose with which to reach an object so as to
allow further manipulation actions to be performed (like grasp or
push). In the intrinsic space a constraint could take into account
the limited range of motion of a joint, the saturation power or
torque of an actuator etc. Figure 5A shows a composite PMP
network for the right arm kinematic chain, for reaching an object
(Goal)withanappropriatewristorientation/handposetosupport
further manipulations (constraint 1) and generating a solution
such that the joint angles are well within the permitted range of
motion (constraint 2). Hence, in the PMP network of Figure 5A
there are three weighted,superimposed force ﬁelds that modulate
the spatio-temporal behavior of the system: (1) the end-effector
ﬁeld (to reach the target); (2) the wrist ﬁeld (to achieve the spec-
iﬁed hand pose); (3) the force ﬁeld in joint space for joint limit
avoidance. Note that the same timing signal Γ(t) synchronizes
all the three relaxation processes. Figure 5B shows results of
iCub performing different manipulation tasks driven by such a
network.
Recently, this modeling framework was further pursued for
explaining the formation of WBR synergies, i.e., coordinated
movementoflowerandupperlimbs,characterizedbyafocalcom-
ponent (the hand must reach a target) and a postural component
(the center of mass or CoM,must remain inside the support base;
Morassoetal.,2010).Bysimulatingthenetworkinvariouscondi-
tionsitwaspossibletoshowthatitexhibitsseveralspatio-temporal
features found in experimental data of WBR in humans (Stapley
etal.,1999;Pozzoetal.,2002;Kaminski,2007).Inparticular,itwas
possibletodemonstratethat:(1)duringWBR,legs,andtrunkplay
a dual role: not only are they responsible for maintaining postural
stability, but they also contribute to transporting the hand to the
target. As target distance increases, the reach and postural syner-
giesbecamecoupledresultinginthearms,legsandtrunkworking
together as one functional unit to move the whole body forward
(seeFigures4D–F);(2)Analysisof theCoMshowedthatitispro-
gressively shifted forward, as the reached distance increases, and
is synchronized with the ﬁnger’s movement. Posture and move-
ment are indeed like Siamese twins: inseparable but, to a certain
extent, independent. The article on whole body synergy formation
showed how postural and focal synergies can be integrated during
goal directed coordination through the PMP framework. Generally,
we can see the PMP as a mechanism of multiple constraints satisfac-
tion, which solves implicitly the “DoFs problem” without any ﬁxed
hierarchy between the extrinsic and intrinsic spaces. The constraints
integrated in the system are task-oriented and can be modiﬁed at
runtime as a function of performance and success.
MOTOR SKILL LEARNING AND PMP
In the context of PMP, when we learn a motor skill, we basi-
cally learn the connecting links in the PMP network associated
with the task (i.e., vertical links or impedances, horizontal links
or Jacobians, and the timing of the time base generators). We will
describe central ideas using a new scenario where iCub learns to
bimanuallysteeratoycraneinordertopositionitsmagnetizedtip
at a goal target (Figure 7A). We choose this example because the
task is similar to the bimanual control of the steering wheel, the
steering wheel replaced by the two handles of the toy crane. So the
structureof thePMPnetworkisthesameasshownin Figure2.I n
general,while learning to control the toy crane,iCub has to learn:
(a) the appropriate stiffness and timing to execute the required
“spatio-temporal” trajectories using the body+tool chain (for
example,performingsynchronizedquasi-circulartrajectorieswith
bothhandswhileturningthetoycrane)and(b)whileperforming
such coordinated movements with the tool, learn the Jacobians
that map the relationship between the movements of the body
effectors and the corresponding consequence on the tool effec-
tor (the magnetized tip). The third issue is of course related to
usingthislearntknowledgetogenerate“goaldirected”body+tool
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FIGURE5|( A )Composite PMP network with three force ﬁelds applied to the
right arm of iCub: a ﬁeld Fr that identiﬁes the desired position of the
hand/ﬁngertip (Goal); a ﬁeld Fwr that helps achieving a desired pose of the
hand via an attractor applied to the wrist (Constraint 1). Here Jwr is the
Jacobian matrix of the subset of the kinematic chain, up to the wrist; an
elastic force ﬁeld Fq in the joint space for generating a solution such that the
joint angles are well within the permitted range of motion (constraint 2). Note
that the same timing signal synchronizes all three relaxation processes, hence
allowing the hand to reach the target with a speciﬁc pose and posture. (B)
Show three examples of iCub performing manipulation tasks driven by the
composite PMP net of (A). In the case of bimanually reaching the crane toy, a
similar network also applies to the left arm PMP chain. Note that in all these
cases, reaching the goal object with speciﬁed hand pose is obligatory for
successful realization of the goal.
movements (given a goal to reach/pick up an otherwise“unreach-
able”environmental object using the toy crane).
Till now we were dealing with point to point reaching actions
using the PMP network (for example Figure 3). But using a toy
crane is a task that not only requires iCub to reach (and grasp)
the tool but also perform coordinated spatio-temporal move-
ments with the tool (both during exploration and performing
goal directed movements using the tool). Part of the information
as to what kind of movements can be performed with the tool can
be acquired by observing a teachers demonstration. The teacher’s
demonstrationbasicallyconstrainsthespaceofexplorativeactions
when iCub practices with the new toy to learn the consequences
of its actions. The basic PMP system on the iCub is presently
being extended to incorporate these capabilities. With the help of
Figure6,we outline central features of the extended skill learning
architecture.
Learning through imitation, exploration, and motor imagery
Three streams of learning,i.e.,learning through teacher’s demon-
stration (information ﬂow in black arrow), learning through
physical interaction (blue arrow), and learning through motor
imagery (loop 1–5) are integrated into the architecture. The imi-
tation loop initiates with the teachers demonstration and ends
with iCub reproducing the observed action. The motor imagery
loop is a sub part of the imitation loop, the only difference being
that the motor commands synthesized by the PMP are not trans-
mitted to the actuators instead, the forward model output is used
to close the learning loop. This loop hence allows iCub to inter-
nally simulate a range of motor actions and only execute the ones
that have high performance score“R.”
From trajectory to shape, toward “context independent” motor
knowledge
Most skilled actions involve synthesis of spatio-temporal trajecto-
ries of varying complexity. A central feature in our architecture is
the introduction of the notion of “Shape” in the motor domain. The
main purpose was to conduct motor learning at an abstract level
and thus speed up learning by exploiting the power of “compo-
sitionality”and motor knowledge“reuse.”In general, a trajectory
may be thought as a sequence of points in space, from a starting
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FIGURE6|( A )Motor Skill learning and Action generation architecture of
iCub: Building blocks and Information ﬂows. (B) Scheme of the virtual
trajectory synthesis system (modeled by Eq. 5), that transforms a discrete set
of critical points (shape “type” and its “spatial location”) in the motor goal
into a continuous sequence of equilibrium points that act as moving point
attractor to the task relevant PMP network. An elastic force ﬁeld is associated
to each spatial location (in the motor goal), with a strength given by the
stiffness matrices (K1 and K2).The two force ﬁelds are activated in sequence,
with a degree of time overlap, as dictated by two time base generators (TBG1
andTBG2). Simulating the dynamics with different values of K and γ, results
in different trajectories through the critical points. Inversely, the problem of
learning is to acquire the correct values for K and γ (virtual stiffness and
temporal overlap) such that the shape of the resulting trajectory correlates
with the shape description in the motor goal.
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positiontoanendingposition.“Shape”isamoreabstractdescrip-
tion of a trajectory, which captures only the critical events in it.
By extracting the “shape” of a trajectory, it is possible to liberate
the trajectory from task-speciﬁc details like scale, location, coor-
dinate frames and body effectors that underlie its creation and
make it“context independent.”Using Catastrophe theory (Thom,
1975; Chakravarthy and Kompella, 2003)h a v ed e r i v e das e to f1 2
primitive shape features (Figure 6, bottom right panel) sufﬁcient
to describe the shape of any trajectory in general. As an example,
the critical events in a trajectory like“U”is the presence of a min-
ima(orBump“B”criticalpoint)inbetweentwoendpoints(“E”).
Thus, the shape is represented as a graph“E–B–E”(see Figure 6).
If the“U”wasdrawnonapaperorif someonerunsa“U”inaplay-
ground, the shape representation is “invariant” (there is always a
minima in between two end points). More complex shapes can
be described as “combinations” of the basic primitives, like a cir-
cular trajectory is a composition of four bumps. In short, using
the shape extraction system it is possible to move from the visual
observationof theendeffectortrajectoryof theteachertoitsmore
abstract“shape”representation.
Imposing “context” while creating the motor goal
The extracted “shape” representation may be thought of as an
“abstract”visualgoalcreatedbyiCubafterperceivingtheteacher’s
demonstration. To facilitate any action generation/learning to
begin, this “visual” goal must be transformed into an appropri-
ate “motor” goal in iCub’s egocentric space. To achieve this, we
have to transform the location of the shape critical point com-
puted in the image planes of the two cameras (Uleft,V left, Uright,
Vright) into corresponding point in the iCub’s egocentric space (x,
y,z) through a process of 3D reconstruction (see Figure6,top left
box). Of course the “shape” is conserved by this transformation,
i.e., a bump still remains a bump, a cross is still a cross in any
coordinate frame. Reconstruction is achieved using Direct Linear
Transform (Shapiro, 1978) based stereo camera calibration and
3D reconstruction system already functional in iCub (implemen-
tation details of this technique are summarized in the appendix of
Mohan et al., 2011b). At this point, other task-related constraints
like the scale of the shape, end effector/body chain performing
the action can be added to the goal description. So the motor
goal for iCub, is an abstract shape representation of the teachers
movement(transformedintotheegocentricspace)andothertask-
related parameters that needs to be considered while generating
the motor action. An example of a motor goal description is like:
“use” the left arm-torso chain coupled to the toy crane, generate
a trajectory that starts from point 1, ends at point 2, and has a
“bump” at point 3 (and observe the consequence through visual
and proprioceptive information).
“Virtual trajectories” – motor equivalent action representation
The motor goal basically consists of a discrete set of shape critical
points (their spatial location in iCub’s ego centric space and type),
that describe in abstract terms the“shape”of the spatio-temporal
trajectory that iCub must now generate (with the task relevant
body chain). Given a set of points in space an inﬁnite number of
trajectoriescanbeshapedthroughthem.HowcaniCublearntosyn-
thesizeacontinuoustrajectorysimilartotheteacher’sdemonstration
using a discrete set of shape descriptors in the Motor goal? The vir-
tual trajectory generation system (VTGS) performs this inverse
operation. It transforms the discrete shape representation (in the
motor goal) into a continuous set of equilibrium points that act
as moving point attractor to the PMP system.
Virtual trajectory generation system preserves the same “force
ﬁeld” based structure as in PMP (Figure 6B). Let Xini ∈ (x, y, z)
be the initial condition,i.e.,the point in space from where the cre-
ation of shape is expected to commence (usually initial condition
will be one of the end points). If there are N shape points in the
motor goal,the spatio-temporal evolution of virtual trajectory (x,
y,z,t)isequivalenttointegratingadifferentialequationthattakes
the following form:
˙ xini =
N  
i=1
Kiγi (t) ·
 
xCPi − xini
 
(4)
Intuitively,asseeninFigure6B,wemayvisualizeXini asconnected
to the spatial locations of all shape points by means of virtual
springs and hence being attracted by the force ﬁelds generated
by them FCP =KCP(xCP −xini). The strength of these attractive
force ﬁelds depends on: (1) the virtual stiffness“Ki”of the spring
and (2) time-varying modulatory signals γi(t) generated by the
respective time base generators that determine the degree of tem-
poral overlap between different force ﬁelds. The virtual trajectory
is then the set of points created during the evolution Xini through
time, under the inﬂuence of the net attractive ﬁeld generated by
different CP’s. Further, by simulating the dynamics of Eq. 4, with
different values of K and γ, a wide range of trajectories can be
obtained passing through the discrete set of points described in
the motor goal. Inversely, learning to “shape” translates into the
problem of learning the right set of virtual stiffness and timing such
that the “Shape” of the trajectory created by iCub correlates with the
shape description in motor goal.
So“howdifﬁcultandhowlong”doesittaketolearntheseparame-
ters given the demonstration of a speciﬁc movement by the teacher?
It is here we reap the advantage of moving from “trajectory” to
“shape,” since compositionality in the domain of shapes can be
exploited to speed up learning. In other words, the amount of
explorationinthespaceof“K”andγisconstrainedbythefactthat
once iCub learns to generate the 12 movement shape primitives,
any motion trajectory can be expressed as a composition of these
primitivefeatures.Themainideaisthatsincemorecomplextrajecto-
riescanbe“decomposed”intocombinationsoftheseprimitiveshapes,
inversely the actions needed to synthesize them can be “composed”
using combinations of the corresponding “learnt” primitive actions.
Regarding learning the primitives, it has been demonstrated in
(Mohan et al., 2011c), that they can be learnt very quickly by just
exploring the space of the virtual stiffness“K”in a ﬁnite range of
1–10, followed by an evaluation of how closely the shape of the
synthesized trajectory (using Eq. 4) matches the shape described
inthegoal.Thuseffortintermsofmotorexplorationisrequireddur-
ing the initial phases to learn the basics (i.e., primitives). During the
synthesis of more complex spatio-temporal trajectories, composition,
andrecyclingofpreviousknowledgetakesthefrontstage(considering
that the correct parameters to generate the primitives already exist in
the shape library).
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Finally, we note that “virtual trajectories” must not be inter-
preted as the real trajectories generated by iCub. Instead, the
evolving virtual trajectory acts as moving point attractor to the
PMPsystemthatinturngeneratesthemotorcommandsnecessary
foriCubtoactuallyexecutethemotiontrajectory(itobserved).In
human experiments also there is evidence of moving equilibrium
points as demonstrated by (Shadmehr et al., 1993). In this sense,
the VTGS is like a skilled puppeteer who is pulling the task relevant
effector (in the PMP network) in a speciﬁc fashion. Based on the
body/toolPMPnetworktowhichthevirtualtrajectoryiscoupled,
motorcommandsaregeneratedinthatchain.Inthissense,virtual
trajectories also characterize a “motor equivalent” representation
of action.
Using past motor “experience” to generate virtual trajectories on
the ﬂy
When iCub learnt to draw trajectories like “U,”“C” etc. (Mohan
et al.,2011b),it acquired the correct parameters (K and γ) to syn-
thesize virtual trajectories for shapes that result in“Bump”critical
points. When the teacher demonstrates iCub to bimanually steer
the toy crane by performing quasi-circular trajectories,the move-
ment“shape”oftheteachers“effectors”givesriseto“bump”critical
points, which iCub already knows to generate, from its previous
drawing experience. Using the previously learnt parameters of K
and γ from the shape library, iCub is able to instantaneously gen-
eratevirtualtrajectories(orattractors)thatfeedthePMPnetwork
of the iCub upper body. Here,we reap the beneﬁt of moving from
“trajectory”to“shape”and learning actions in a“context indepen-
dent”fashion thus allowing past experience to be exploited in new
contexts.
Ingeneral,thestraightforwardadvantageoflearningonemotor
skill in an“abstract”way is that it unlocks the implicit potential to
“perceive, mime, and begin to perform” several other skills (that
shareasimilarstructure).Forexample,consideractionsliketurn-
ing a steering wheel, uncorking a bottle, paddling a bicycle, using
a screwdriver, among others, all of which result in formation of
quasi-circular trajectories in the task-space (or movement shapes
of type “E–B–E” which have “bump” as a basic shape point). So
does the capability to perceive the underlying structure in these
similar actions and“spontaneously imitate”someone performing
themwithafairenough“ﬁrstprototype”becomespossiblebecause
the“seeds”already exist in the form of abstract motor knowledge
(learnt previously)? Abstraction from “trajectory formation” to
“shape formation”could be one possible answer.
Atthesametime,onlybeingabletosynthesizea“virtualtrajec-
tory”is not sufﬁcient. What is needed is a system that transforms
the “virtual trajectory” into motor commands for the actuators,
taking into account task-speciﬁc constraints and redundancy of
the system (body-tool network) that is generating the action. Fur-
ther it is necessary to learn the consequences of the generated
action in this new“context.” For this we have to rely on the PMP
system that comes next in the information ﬂow.
From virtual trajectory to motor commands using PMP: linking
redundancy to task dynamics, timing, and synchronization
The PMP system transforms every point in the virtual trajectory
into motor commands in the intrinsic space (upper body chain),
hence enabling iCub to mimic the teacher’s action of bimanually
steeringthetoycrane.Ofcourse,thisisjustthestartingpoint.iCub
has to now learn the consequence and utility of the action in this
new context (from drawing a “U” shape, to using the toy crane).
As the virtual trajectory pulls the relevant end effector in a spe-
ciﬁc fashion,the rest of the body (arm and waist joints) elastically
reconﬁgure to allow the end effector track the evolving virtual
trajectory. When motor commands synthesized by this process
are actively fed to the robot, it reproduces the movement, hence
enabling iCub to maneuver the toy crane as demonstrated by the
teacher. These coordinated movements of iCub (i.e., Figure 7B)
with the toy crane now generate sequences of sensorimotor data:
1) The instantaneous position of the two hands Q ∈ (xR, yR, zR,
xL, yL, zL) coming from proprioception (and cross-validated
by forward model output of PMP, i.e., position node in end
effector space).
2) The resulting consequence, i.e., the location of the tool effec-
tor X:(x, y, z)Tool, perceived through vision and reconstructed
to Cartesian space (using the same technique to reconstruct
teachers movement).
AsiCubacquiresthissensorimotordatabypracticingwiththetool,
a neural network can be trained to learn the mapping X =f(Q).
Weusedamultilayerfeed-forwardnetworkwithonehiddenlayer,
whereQ ={qi}istheinputarray(endeffectorposition),X ={xk}
is the output array (tool position), and Z ={zj} is the output of
thehiddenunits.ThemappingcanbeexpressedasshowninEq.5,
where Ω={ωij} are the connection weights from the input to the
hidden layer,W ={wjk} are the connection weights from the hid-
den to the output layer,H ={hj} are the net inputs to the neurons
of thehiddenlayer.Theneuronsof thehiddenlayerarecharacter-
izedbythelogistictransferfunction;theoutputlayeriscomposed
of linear neurons.
X = f (Q) ⇒
⎧
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The trick here is that once the neural network is trained on
the sequences of sensorimotor data generated by the robot, the
tool Jacobian can be extracted from the learnt weight matrix by
applying chain rule in the following way:
JT =
∂xk
∂qi
=
 
j
∂xk
∂zj
∂zj
∂hj
∂hj
∂qi
=
 
j
wjkg   
hj
 
ωij (6)
Once the tool Jacobians are learnt by iCub, the PMP network of
Figure 2 is complete and fully connected to allow goal directed
maneuvering of the toy crane. Note that,the tool admittance“AT”
is a property of the tool itself and can be approximately estimated
as the ratio of the total force exerted by iCub with its two hands
and the corresponding displacement of the tool. Since the dis-
placement of two handles of the toy crane (connected to iCub)
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is proportional to the displacement of the iCub’s hands, the tool
admittance is approximated as an identity matrix. Of course, there
is a possibility that the tool is not compliant, in which case the only
way to control it during coordination is to increase the exerted force
(for example, one will need to apply more force to “turn” a steering
wheel that is jammed). This is a natural property of the PMP net-
work,butisoutofscopefordiscussioninthisarticle.Atthesametime
we note that the admittance of the tool can be controlled during its
design(forexample,weapplylubricantstomechanicalpartstomake
them more compliant, otherwise we end up spending more energy).
During goal directed movements with the toy crane, the goal
now acts on the “tool effector” which is the most distal part of
the PMP chain. The pull of the goal acting on the tool tip is incre-
mentallycirculatedtotheproximalspaces(endeffector,jointsetc.)
accordingtoinformationﬂowinFigure2.Figures7C–Gshowthe
trajectories in the tool, end effector, arm joint, and waist spaces,
when iCub performs the bimanual action to position the tool tip
at the goal. Of course,if the internal simulation of the PMP network
does not converge, iCub has a way to know that the toy crane is not
usefultorealizethegoal(orreachthetarget).Thiscanbethestarting
point to trigger a new level of reasoning and learning.
SUMMARY
In this sub-section, we presented how the basic PMP framework
can be extended to support experiments related to motor skill
learning, tool use, and imitation in embodied robots. We outlined
a scheme through which both observing a “conspeciﬁc” as well as
previously acquired motor knowledge (stored in an abstract man-
ner) can speed up the acquisition of a new motor skill. To avoid
open ended motor exploration in the space of “virtual stiffness,” it
is important to “combine and exploit” multiple learning streams
mainly imitation, physical interaction, and motor imagery into the
skill learning architecture. In the demonstrated example, while the
teachers demonstration showed iCub the kind of spatio-temporal
trajectories it should perform on the tool, iCub’s past experience
of learning to draw (and the compositionality in the domain of
shapes) gave iCub the correct parameters to generate the required
spatio-temporal trajectories using the “body+tool” network. Of
course, in addition iCub had to learn the context speciﬁc conse-
quences(ToolJacobian),tocompletethePMPnetworktoperform
goal directed actions with the new toy. Note that the learnt tool
Jacobian is further represented in a sub-symbolic “distributed”
fashion using neural networks. At the same time, through the
PMP relaxation there is a way to systematically go down to the
directly controlled elements of the body (actuators in the robot)
both during exploration and goal directed action. In this sense,
our approach is quite different from other attempts of tool use
in robotics like those of Stoytchev (2008), that start with a pre-
deﬁnedsetofactions(extendarm2  ,5  ,forward,backward,right,
and left), create a look table of the observations and conduct iter-
ations of greedy heuristic search in the look up table, to obtain
goal-oriented behavior. Coming back to OCT, how optimal control
laws can be learnt through socio-physical interactions, how they can
be composed and recycled is still an open question. In this section,
we presented a motor skill learning framework using the PMP that
incorporates all these features and at the same time validated on a
complex humanoid platform.
OCT AND PMP AS COMPUTATIONAL THEORIES
Is there any connection between OCT and PMP? As observed by
Diedrichsen et al. (2009), the idea of distributing motor com-
mands across a set of redundant effectors is shared by OCT and
PMP (Mussa Ivaldi et al., 1988). However, the authors wrongly
attributetoPMPtheabsenceof aregularizationtermintheattrac-
tor dynamics of the network. In contrast, as illustrated in the
previous sections, the possibility of integrating a variety of reg-
ularization or penalty terms “at runtime” and in a task-speciﬁc
manneristhedeﬁningfeature of PMP.Itwasonlybrieﬂyhintedin
the 1988 paper, but it was later expanded in great detail (Morasso
et al., 1997; Tsuji et al., 2002; Mohan and Morasso, 2007; Mohan
etal.,2009,2011a,b).OCTformulatescontrolproblemsintermsof
scalarcostfunctions,whereasPMPisbasedonmulti-dimensional
force ﬁelds. In general, we think that the force ﬁeld metaphor is
closer to the biomechanics and the cybernetics of action than the
cost function metaphor if we aim at capturing the variability and
adaptability of human behavior in a changing environment in a
way that allows compositionality, fast learning, and exploitation
of affordances.
In the framework of the Tri-Level Hypothesis2 about the lev-
els of analysis in biological information processing systems (Marr
and Poggio, 1977; Marr, 1982), both OCT and PMP are compu-
tational level theories, i.e., formalizations of what the organism is
computing and why. However, PMP also includes an intermediate
algorithmic/representationallevel,whichtriestoanswerthequestion
abouthowthecomputationalprocessisactuallycarriedout:theforce-
ﬁeld metaphor characterizes the computational level of PMP and
the kinematic networks characterize the algorithmic/representation
level. We suggest that these two levels of analysis apply equally well
to humans and humanoid robots, whereas they differ for the lowest
implementation level, which includes sensors, actuators, and early
information processing. The importance of integrating these two
levels of analysis is also emphasized by the term “embodiment,”
which is central in the quest for a human-like cognitive capabil-
ity in humanoid robotics, by taking into account that adaptive
behavior is not a “property of the brain” but emerges from the
interactions of the nervous system with body and environment
(Varela et al., 1991; Chiel and Beer, 1997). Generally speaking,
EPH, as well as the study of force ﬁeld adaptation (Shadmehr
and Mussa-Ivaldi, 1994), suggest that the brain“understands”the
“language of force ﬁelds,”also providing a theoretical background
for an approach to robot-therapy of neuromotor patients based
on the use of force ﬁelds (Casadio et al., 2009a,b; Vergaro et al.,
2010).
FUNCTIONAL CATEGORIZATION AND THE CYBERNETICS OF
PURPOSEFUL ACTION
Inadditiontothecategorizationof“computationallevels,”aspro-
posed by Marr (1982), which indeed was primarily conceived
for the study of vision, the cybernetics of action also implies
2The three-level hypothesis is articulated in the following levels: (1) computa-
tional level (what has to be computed and why, given the task); (2) algorith-
mic/representational level (how does the system do what it does and. speciﬁcally,
what representations does it use); (3) implementation level (physical realization of
“software”and“hardware”).
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FIGURE 7 | Continued
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FIGURE 7 | Continued
(A) Describes the task. Analogous to controlling a steering wheel, iCub has to
bimanually maneuver the toy crane so that the magnetized tool tip reaches
the goal. (B) Shows snapshots of the dual processes of observing the teacher
to imitate similar spatio-temporal movements with the toy and then
interacting directly with the tool in order to learn the tool Jacobian. (C) Shows
the trajectories in the tool and end effector space, when iCub steers the
crane toy from the initial position to the goal. (D) Shows temporal evolution of
the x and y components of force exerted by right and left hand, to steer the
toy crane toward the goal. (E) Shows the tool tip velocity. Note that the tool
velocity is symmetric and bell-shaped. (F) Shows the temporal evolution of
motor commands/joint angles in the 17 joints of the iCub upper body as iCub
steers the crane toy from the initial condition [(G): top panel] to the Goal [(G):
Bottom panel]. Observe that based on the motion of the two hands (C), the
evolution of joint angles in the right and the left arm are approximately mirror
symmetric (F).
a categorization in “functional planning stages,” that comple-
ments the previous one. We propose the following categorization
which emphasizes the role of generating“goal directed”actions in
unstructured environments:
1. Strategic planning stage: given a goal and a general knowl-
edge of the environmental conditions, this stage involves a
covert analysis3 of “what is doable and useful, in the context
of the goal.” This is an “information foraging” phase where
the cognitive agent mentally attends to the Goal,and assembles
initial chunks of information “extrinsic (environment state)
and intrinsic (task-related memories,current body state),”that
might be relevant in realizing the goal. Certainly it includes
perception of various Affordances (provided by the environ-
ment), retrieval of known Skills (necessary for exploiting the
affordances), estimating the Value of each skill (in the context
of the goal), using past experiences and memories pertaining
to the task;
2. Tactical planning stage: this is a “temporal ordering” or action
sequencing phase where the goal is broken down into a
sequence of sub-goals/sub-actions (to be carried out by differ-
ent internal action models), with a prediction of the resulting
consequences;
3. Plan execution and monitoring stage: in this stage every speciﬁc
action/sub-action is translated into a control policy, monitor-
ing the degree of coherence between the predicted and the
actual sensory consequences, obtained through sensory feed-
back,inordertoeliminatecognitivedissonancethroughfurther
learning.
The different stages particularly emphasize the role of mental
rehearsal of actions and their consequences, exploiting available
affordances,“using and learning to use”environmental objects as
tools in the context of the pursued goal (sometimes by imitating a
conspeciﬁc).Emergingstudiesinanimalcognitionrevealthatsuch
phases of mental planning, leading to purposeful action synthe-
sis, may not be unique to humans. Research in animal cognition
hasidentiﬁedcomplexgoal-orientedbehaviorsindifferentanimal
species, suggesting a cognitive capability well beyond the brute
force strategy of trial-and-error. Well known examples are the
3This has similarities with the idea of non-linear model predictive control; a nice
review can be found in Camacho and Bordóns (2007). At the same time,we believe
that PMP like mechanisms may be quite compatible with recent anthropomimetic
robots like ECCEROBOT (http://eccerobot.org/), that not only mimic the human
“form” but also its inner structures and mechanisms, i.e., bones, joints, muscles,
and tendons and thus have the potential to replicate human-like “action” and
“interaction”in the world.
n-stick paradigm (Visalberghi, 1993; Visalberghi and Limongelli,
1996); Betty’s Hook shaping task (Weir et al., 2002); the Trap tube
paradigm (Visalberghi and Tomasello,1997).
In the two-stick paradigm,the animal has the goal of fetching a
chunk of food that cannot be reached with its bare hands. A long
stick that could help to solve the problem is unreachable as well.
What can be reached is a short stick,which can be used to recover
the long stick and ultimately the chunk of food. Chimps can eas-
ily solve this problem of combinatorial tool use (Maravita and
Iriki, 2004) and since the observation of their behavior rules out
thepossibilityoftrial-and-error,themostlikelyinterpretationisas
follows:(1)thechimphasanabstractconceptof astick-likeobject
which must have similar computational properties to the body
schemainordertobeintegratedwithit,atleasttemporarilyinthe
course of the task (Iriki et al.,1996); (2) the recognition of crucial
“affordances,”such as the fact that the food and the long stick are
unreachableandtheshortstickisreachableandlongenoughtoget
thelongstick,iscarriedoutbymeansof covert,“imagined”move-
ments. In a previous work (Mohan and Morasso,2007,2011d)w e
have shown how adding a reasoning system on top of the PMP-
based real/mental action generation system can enable a cognitive
robot(GNOSYS)toautonomouslygenerategoaldirectedplansin
such scenarios (where use of tools is obligatory for achieving the
goal).Figure8illustratesthesequencesof(realandvirtual)actions
initiatedbyiCubusingdifferenttask-speciﬁcPMPnetworks(illus-
trated in different examples so far) when it exploits a long green
stick as a tool to reach (an otherwise unreachable) red cylinder.
Summing up,affordances are the seeds of action. Being able to
identify and exploit them opportunistically in the“context”of an
otherwise unrealizable goal is a sign of cognition. Being able to
do this in the mind by performing virtual actions, further allows
an agent to evaluate“what additional affordances”it can create in
its world, hence enabling it to reason about how the world must
“change” such that it becomes a little bit more conducive toward
realization of its internal goals. The posited decomposition of a goal
into a sequence of sub-goals/sub-actions is a natural side-effect of
the mental process of attempting to use tools, exploit environmental
affordances to connect the dots from the initial condition to the goal.
PMP is an appropriate framework for formulating the two top
functional stages of the categorization deﬁned above. The OCT
framework,in our opinion,is less appropriate because covert rea-
soning about actions can hardly be formalized in terms of cost
functions and continuous-time control policies. If we agree that
internal simulation of action is a key element of purposive behavior
(Jeannerod, 2001; Gallese and Lakoff, 2005; Gallese and Sini-
gaglia, 2011), then it is not clear how to use the “cost function”
formalism for treating at the same time overt and covert (imagined)
actions.
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FIGURE 8 | Pictorial illustration of the “Two sticks paradigm” applied to
the iCub robot in the simpliﬁed case that a single stick is suitable and
available.The goal of iCub is the reach the large red cylinder, placed out of
reach. As seen, there is a green stick available in the environment. In order to
realize its goal in this situation, iCub performs a sequence of overt and covert
actions: (1) Mentally estimating weather the goal is directly reachable with
either arm using the PMP network for the upper body (Figure 3A); (2)
evaluating the size of the required stick-like tool based on the discrepancy
between the goal and the ﬁnal reachable position predicted by the forward
model; (3) visually detecting the (green) tool; (4) evaluating whether the long
green stick is reachable with an appropriate wrist orientation (using the
composite PMP network of Figure 5A); (5) reaching and grasping the stick
using the same PMP network; (6) incorporating the stick in the body schema
by updating the Jacobian taking into account the length and orientation of the
stick coupled to the end effector; (7) using the stick to reach the target
cylinder using the PMP network of (A).I n(A), since the tool is coupled to the
left arm, the right arm network is shown deactivated (goal=initial condition,
force ﬁeld in the right arm network is 0). Since the coordinated tool is the
most distal part of the resulting PMP network, goals act on the tool.The ﬁeld
generated by the discrepancy between goal and tool position is mapped into
an equivalent torque ﬁeld by the transpose Jacobian (JLTT).This torque ﬁeld is
mapped into joint rotation patterns for the left arm by the Admittance matrix.
The Jacobian JLT now transforms this information into next incremental
update in the tool position in the end effector space (tool is the end effector
now).This process of incremental updating of every node in the PMP network
continues till the time the force ﬁeld in the left arm network is also zero (i.e.,
the tool tip reaches the target). (B) Shows snapshots of iCub performing the
sequence of actions, reasoning and exploiting the available tool (green stick)
in order to realize the otherwise unrealizable goal (i.e., reaching the
red cylinder).
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Finally, we wish to emphasize that proposing PMP as an alter-
native to OCT as a global framework in the analysis of purposive
behavior does not rule out the importance of optimality princi-
ples in the ﬁeld of motor control but, as previously mentioned,
suggests that its domain of inﬂuence is local rather than global.
On the other hand, a recent development on efﬁcient methods
of optimal actions (Todorov, 2009; see also the commentary by
Doya, 2009) allows to compose optimal control laws by mix-
ing primitives and thus approaches the philosophy underlying
the PMP.
DISCUSSION
The PMP has been proposed as a general framework for under-
standing the organization of task-oriented actions. Extensions of
the framework in the direction of motor skill learning, imitation
and covert reasoning about actions were presented. How PMP
networks of gradually increasing complexity can be created “on
the ﬂy” while preserving the inherent “modularity,” “connectiv-
ity,”“local,”and“well posed”nature of computations in the basic
model was described with a number of examples, implemented
on the humanoid iCub (like, control of a single kinematic chain,
full upper body coordination, bimanual coordination of a tool,
incorporatingmultipleconstraints,performingcovertreasoning).
In this concluding section, we analyze both positive features and
open issues within the framework thereby looking for areas where
future research needs to be directed.
PMP AND UNDEREXPLORED AREAS FOR FUTURE RESEARCH
In this section, we analyze the PMP framework listing out the
under explored areas where novel conceptual developments may
be envisaged in the future.
Learning “extended”
Once upon a time, the barter economy prevailed. Goods or ser-
vices were exchanged for other goods or services. Then someone
invented the concept of “currency.” With this, humans started
conducting trade and economics at one further level of “Abstrac-
tion.” The core idea was to exploit the ﬂexibility resulting from
the establishment of an “abstract measure” of value (and ease
of storage). Simply, based on ones requirements (i.e., the goal),
the right amount of currency can be transformed into any sub-
stance or service. What is the brains “currency” for generating
skilled goal directed “movement”? Can we arrive at a small set
of abstract motor vocabulary that when combined, sequenced,
and shaped to “context” (i.e., the goal), allows the emergence of
the staggering ﬂexibility, dexterity, and range that human actions
possess?
The skill learning architecture based on PMP presented in
Section “Motor Skill Learning and PMP” presents some prelim-
inary results in this direction that needs to be further improved
and validated through more experiments (both in terms of math-
ematical advancements and cross validation through behavioral
studies). The positive feature of the proposed skill learning architec-
tureisthatdifferentaspectsofmotorknowledgegainedwhilelearning
anoveltaskare“distributed”systematicallysoastoallowtask-speciﬁc
“compositionality” and task independent “knowledge reuse.” At the
same time there are areas where improvements need to be made.
For example, when we learn a motor skill we learn a number of
things listed below:
To perform speciﬁc spatio-temporal movements using the “task–
speciﬁc” effectors/tool. This knowledge is stored in the stiffness
and timing parameters that are used by the virtual trajectory
synthesis system (i.e., in the shape library of Figure 6). The
abstraction from “trajectory” to “shape” allows compositional-
ity in this case. For example consider the crucial human skill
of “writing.” It has been shown that 73% of the Latin/English
alphabets and 82% of numerals are composed of “simple”4 shape
features like line, bump, and cusp (Chakravarthy and Kompella,
2003). Inversely, since most letters of the English alphabets and
numerals are “synthesized” with these simple shape features, the
authors argue that the script is very “stable and robust,” from the
“sensory–motor” point of view (i.e., both explaining the diver-
sity in the handwriting of different people and our effortless
ability to perceive/read them). Further, even the task-space tra-
jectories of common tool use actions like screwing, uncorking,
cycling, use of lever, unwinding, use of a tap, cycling, among
many others just require “task–space” trajectories that end up
in “bump,” “line,” and “cusp” shape features, that can be very
easily “described and generated” in formal terms (Mohan et al.,
2011b).
The provocative question is in fact the inverse problem, i.e., not
the “use of a tool” but the “design of a tool” itself. Do we prefer
design tools that“conform”to these speciﬁc movement shapes in
the extrinsic space? Is the measure of “user friendliness”of a new
tool related to the fact that we can “recycle” our past knowledge
of movement and learn to move with new tool applying minimal
efforts? Learning the consequence of such movements is another
issue (more task-speciﬁc) and our system deals with this at a dif-
ferentlevel(i.e.,theJacobians).But,doesthebrain“compose”and
“recycle” task-space motion by mixing “shape” knowledge? This
does seem reasonable from an evolutionary perspective because
all basic“sensorimotor”interactions require“shaping”one’s body
to the shape of the world with which we are interacting (be it
a monkey clinging to a branch of a tree or a couple dancing).
Surprisingly,it is not easy to give a precise mathematical or quan-
titative deﬁnition of “shape” or even express it in measurable
quantities like length, angles, or topological structures. In gen-
eral terms, shape is the core information in any object/action
that survives the effects of changes in location, scale, orienta-
tion, end-effectors/bodies used in its creation, noise, and even
minor structural “injury.” We posit that it is this invariance that
makes “shape” a crucial piece of information for sensorimotor
interaction. Hence, we suggest that an uniﬁed treatment of the dual
operations of shape perception/synthesis is critical to better under-
stand the perception–action loop, how we recycle past sensorimotor
knowledge, and why we design tools the way we do (taking into
account how“user friendly”it is). In other words,we posit that“user
friendliness” is just a measure of how a“tool designer” can minimize
4“Simple” here formally refers to the“codimension” of the resulting shape, i.e., the
number of independent parameters necessary to bring back a shape point from its
perturbed version to the original state (Chakravarthy and Kompella,2003). Greater
the codimension, the more unstable is the resulting shape.
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“sensorimotor”explorationrequiredbya“tooluser.”Furtherresearch
needs to be directed in these areas though both experiments with
humans and humanoids.
Learningtherelationshipbetweenthe“bodyeffector”and“tool”.
This knowledge is speciﬁc to the body effector and tool involved
intheactionandismappedbythetoolJacobiansattheinterface.In
Section“Motor Skill Learning and PMP,”we have shown how this
information can be learnt through an “action–perception” loop
and represented in a sub-symbolic manner using standard neural
networks.
Learning to attain speciﬁc “body postures” that are required by
thetask. Attainingtherightbodyposeinsometasksmaybeoblig-
atory but most often simpliﬁes the execution of any motor skill.
Thiscanbeachievedbylearningtherightbalanceof“admittance”
in the intrinsic space of the associated PMP network. Similar to
the learning of “virtual stiffness and timing” to perform spatio-
temporal movements in the end effector space,attaining the right
pose with the body may also be learnt through a combination
of imitation and practice. In principle it is possible to estimate
the approximate contribution of different body parts by observ-
ing a teacher or through kinesthetic teaching. Since the effect of
admittance is “local” in PMP, such perceptual information can
be directly used to “locally” modulate the participation of differ-
ent DoFs, hence inﬂuencing the nature of solution obtained in
the intrinsic space. Preliminary results have been obtained in the
scenario of whole body synergy formation (Morasso et al., 2010;
Zenzeri, 2010) where the task was to learn the right balance of
admittance values in the whole body PMP network in order to
reproduce the ﬁnal body pose achieved by the teacher (recorded
using a motion capture device). Even though it applies for this
speciﬁc case, a more comprehensive and general understanding
needs to be achieved through experiments in the future. In gen-
eral,whilethelinkbetweenperceptionofmovementandtask-speciﬁc
regulation of “stiffness” and “timing” in the extrinsic space (VTGS)
hasbeenalreadyaddressedindetail,furtherresearchneedstobecon-
ducted to understand the link between perception of movement and
swift “task–speciﬁc” regulation of admittance in the intrinsic space,
in order to also obtain speciﬁc body postures while performing these
movements.
IntegratingalltheknowledgeinthecontextofaGoal. ThePMP
network is the natural site where all the motor knowledge related
to stiffness, timing, Jacobians, and admittance comes together.
The network structure is organized in a way such that different
connecting links play “well deﬁned” roles and can be loaded at
“runtime” from memory when a task-speciﬁc PMP network is
“assembled”to coordinate a motor behavior.What remains is only
to “switch on” the task relevant force ﬁelds (i.e., the goal and other
constraints that apply) and let the network evolve in the resulting
attractordynamics.Partof themotorknowledgerelatedto“move-
ment” per se is context independent and part of the knowledge
related to task-speciﬁc consequences, other constraints involved
are context dependent. These are stored separately in the action
learning architecture and integrated in a task-speciﬁc fashion by
thePMPsystemtosynthesizethemotorcommands.Thismodular,
distributed, local, and goal directed organization of action is one
of the positive features of the framework.
Effects of loading, tighter integration with dynamics
Inthissection,weareconcernedwithscenariossuchasaﬁreﬁghter
in a self-contained breathing apparatus wearing heavy protective
gears and performing a precision task with a tool (for example, a
water hose), a soldier often loaded in excess of 40% of his body
weightmovingbothforone’sownsurvivalandperforminghis/her
duties, an infant coping up with a growing body especially dur-
ing the ﬁrst few years of life (Adolph and Berger, 2006; Adolph
et al., 2008), industrial robots that wield and transport differ-
ent tools (e.g., assembly lines for car manufacturing etc), or even
ourselves performing/learning movements with different physi-
cal loads dynamically coupled to our body segments. Often there
are functional changes in the mass and moment of inertia of the
different body segments that we have to account for dynamically
“at runtime.” At the moment, PMP directly does not take into
account these effects. It basically solves the DoFs problem, i.e.,
the how the goal of performing a task-speciﬁc movement can be
distributed across a large number of contributing elements in a
highlyredundantmotorsystem(thatalsoincludescoupledtools).
In this sense, PMP networks should be considered as a “body
schema” or an “internal model” that interfaces higher cognitive
levels (reasoning and planning) with lower control levels, related
to actuators and body dynamics. It does not deal directly with the
lower level dynamics at actuator level. In the iCub, whose indi-
vidual DoFs are separately controlled by means of standard PIDs
loops at the actuator level, the output of the PMP network pro-
videsthereferencetrajectoryforeachPIDcontroller.Still,atighter
“closed–loop”integrationof PMPwithdynamicsatactuatorlevel,
taking into account effects of “loading”in various body segments
while generating motor actions is necessary. With ongoing hard-
ware developments related to joint level force/torque sensing in
iCub (Parmiggiani et al., 2009; Fumagalli et al., 2010), in the next
generation PMP networks we plan to integrate and account for
dynamics at the lower level in a more reﬁned manner.
An interesting inverse scenario concerns the use of humanoid
robotstounderstand“constraints”thatvariousphysicallycoupled
loads place on the movements that needs to be generated under
such conditions. New experiments with PMP are being devised
to better understand the effects of loading different body segments
(trunk, head, hands) of iCub to investigate: (a) postural/focal rela-
tions in terms of functional changes in Mass and Moment of
Inertiaof thedifferentbodysegments;(b)evaluationof theresult-
ing reduction in available DoF and lack of access to physical and
functional workspace due to the loading conditions; (c) compare
the results with motion analysis of humans performing similar
movements under identical loading conditions. This direction
of research can potentially provide greater insights into: (a) the
functional capability and survivability of people wearing different
kinds of personal protective equipments (PPE) while performing
their day to day tasks; (b) use this knowledge to redistribute load-
ing of their bodies in an optimal fashion; (c) create ergonomic
designs of PPE’s,safety gears etc worn by people who are expected
to perform precision tasks in critical conditions (like soldiers, ﬁre
ﬁghters among others).
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TOWARDS A SHARED COMPUTATIONAL BASIS FOR “EXECUTION,
IMAGINATION, AND UNDERSTANDING” OF ACTION
Biological plausibility
Mounting evidence accumulated from different directions such
as brain imaging studies (Frey and Gerry, 2006; Grafton, 2009;
Kranczioch et al., 2009; Munzert et al., 2009), mirror neuron sys-
tems(Galleseetal.,1996;Rizzolattietal.,2001;RizzolattiandSini-
gaglia, 2010) and embodied cognition (Gallese and Lakoff, 2005;
Gallese, 2009; Gallese and Sinigaglia, 2011; Sevdalis and Keller,
2011) generally support the idea that action “generation, obser-
vation,imagination,and understanding”share similar underlying
functional networks in the brain. In general, there is growing evi-
dence for the fact that neural circuits in the predominantly motor
areas are also activated in other contexts related to “action” that
do not cause any overt movement. Such neural activity occurs
not only during imagination of movement (Decety, 1996; Decety
and Sommerville, 2007; Caeyenberghs et al., 2008; Holmes and
Calmels,2008,severalothers)butalsoduringobservationandimi-
tation of other’s actions (Grafton et al.,1996; Buccino et al.,2001;
Frey and Gerry, 2006; Ulloa and Pineda, 2007; Iacoboni, 2009a)
andevencomprehensionoflanguage,i.e.,bothactionrelatedverbs
and nouns (Glenberg, 1997; Barsalou, 1999; Feldman, 2006; Fis-
cher and Zwaan, 2008; Pulvermüller and Fadiga, 2010; Glenberg
and Gallese,2011; Marino et al.,2011). The neural activation pat-
terns include not only premotor and motor areas such as PMC,
SMA,and M1 but also subcortical areas of the cerebellum and the
basal ganglia. During the observation of movements of others,an
entire network of cortical areas called as the “action observation
network” that includes the bilateral posterior superior temporal
sulcus (STS), inferior parietal lobule (IPL), inferior frontal gyrus
(IFG), dorsal premotor cortex, and ventral premotor cortex are
activated in a highly reproducible fashion (Grafton, 2009). The
central hypothesis that emerges out of these results is that motor
imagery and motor execution draw on a shared set of cortical
mechanismsunderlyingmotorcognition.Insimpleterms,itposits
that one can reason about an action (reach, grasp etc.) without
actually performing the action and yet use the same neural sub-
strate in the sensory motor system. Further,neural substrates that
are used in imagination are also used in understanding actions
of others, i.e., when observing actions, people recruit motor rep-
resentations as if they were themselves acting. In other words,
understanding is an internal simulation that entails the reuse of
our own ability to act with our bodily resources in order to func-
tionally attribute meaning to “others” actions. The extent and
reliability of such reuse and functional attribution depends both
onthesimulator’sbodilyresourcesandtheirbeingsharedwiththe
target’s bodily resources (Gallese and Sinigaglia,2011).
A preliminary foundation of such “shared” computational
machinery for action generation, action learning through imi-
tation and covert reasoning about action in the humanoid robot
iCubhasbeencreatedthroughthedevelopmentofthePMPframe-
work (and illustrated through numerous examples in this paper).
In general, PMP networks are activated under a variety of con-
ditions in relation to action, either of oneself or observed from
the teacher. Their function is not only to shape the motor out-
put during action execution, but also to provide the self with
information on the feasibility, consequence, understanding, and
meaning of potential actions. Further, considering that real and
imagined actions turn out to be similar indeed, the proposition that
evenovertactionsareaproductofan“internalsimulation”isadeﬁn-
ingfeatureofPMParchitecture.Afurtherhypothesissuggestedbythe
PMP, is that the posited simulation is an attractor dynamics, driven
the “task–speciﬁc” force ﬁelds. This is the crucial difference between
EPH and PMP. While in the classical view of EPH, the attractor
dynamics that underlies production of movement is attributed
to the elastic properties of skeletal neuromuscular system, PMP
posits that cortical,subcortical,and cerebellar circuits may also be
characterized by similar attractor dynamics.This could explain the
similarity of real and imagined movements because, although in the
lattercasetheattractordynamicsassociatedwiththeneuromuscular
system is not operant, the dynamics due to the interaction among
other brain areas are still at play.
The study of the neural basis of imitation is still in its infancy,
although the cognitive, social and cultural implications of imita-
tionarewelldocumented(RizzolattiandArbib,1998;Schaaletal.,
2003;Argalletal.,2009;Lopesetal.,2010).Experimentalevidence
from numerous brain imaging studies (Perrett and Emery, 1994;
Grafton et al., 1996; Rizzolatti et al., 1996, 2001; Iacoboni et al.,
2001; Koski et al., 2002; Iacoboni, 2009b) suggest that the infe-
rior frontal mirror neurons which code the goal of the action to
be imitated receive information about the visual description of
the observed action from the STS of the cortex and additional
somatosensory information regarding the action to be imitated
from the posterior parietal mirror neurons. Efferent copies of
motor commands providing the predicted sensory consequences
of the planned imitative actions are sent back to STS where a
matching process between the visual description of the action
and the predicted sensory consequences of the planned imitative
actions takes place. If there is a good match,the imitative action is
initiated; if there is a large error signal,the imitative motor plan is
corrected until convergence is reached between the superior tem-
poral description of the action and the description of the sensory
consequencesoftheplannedaction.Itisinterestingtonotethatthe
imitationlearningloopofourskilllearningarchitecture(Figure6)
resonates well with these ﬁndings,the visual shape extraction and
motor goal formation system coding for the early visual descrip-
tion of the action to be imitated, virtual trajectory coding for a
detailedmotorrepresentationnecessaryforactiongeneration,and
the forward model output of the PMP (efferent copies) being sent
back in the same format of the visual goal description for moni-
toring purposes. This issue has been dealt with in detail in Mohan
et al. (2011b), and emphasizes the point that internal simulations
playanimportantroleinallowingtheobservertoforeseethecon-
sequence of an action, predict the intended goal of the actor and
learn to replicate the action through imitation.
In this sense, PMP is a young framework that attempts to inte-
grate,inacomputationalmanner,agrowingbodyof neurobiological
knowledge on a humanoid robot. Its biological plausibility comes
fromcomplementaryandconverginglinesof investigationsonthe
neuralbasisof purposivebehavior:theequilibriumpointhypoth-
esis, extended in such a way to take into account the evidence
coming from motor imagery, on one side, and the parieto-frontal
mirror circuitry, on the other. We understand that this is just the
starting point. There exists wide scope for further investigating the
neurobiologicalbasisofPMPusingacombinationofbehavioralstud-
ies and brain imaging techniques. This requires a comprehensive
Frontiers in Neurorobotics www.frontiersin.org December 2011 | Volume 5 | Article 4 | 23Mohan and Morasso PMP vs. OCT
research program with active participation from the neuroscience,
animal cognition and developmental psychology community. This
article is just an initiative in this direction.
PMP extended: ongoing developments
We emphasize that PMP is also a medium through which several
ﬁndings related to motor cognition coming from the ﬁeld of neu-
roscience can be implemented in complex humanoid robots. This
opens us the possibility of both conducting a wide range of exper-
imentsrelatedtodifferentaspectsof“action”onhumanoidrobots
andatthesametimeendowingthemwithmotorskillsnecessaryto
ﬂexibly“assist”usinourneedsandintheenvironmentsweinhabit
and create. In this context, further developments of the architec-
turearebeingpursuedbythedifferentEUsupportedprojectsthat
usePMPasacomputationalbackbone(ITALK5,EFAA,DARWIN,
and ROBOCOM).
PMP AND SOCIAL INTERACTION
Speciﬁcally, EFAA aims to extend the PMP framework in the
domain of social interaction, acquisition of motor skills through
demonstration, learning to “inter-act,” and cooperate with the
teacher in joint goals. Further development of the work on motor
knowledgerecyclingandthe“shape”perception/synthesishypoth-
esis (Mohan et al., 2011b) discussed in Section “Motor Skill
Learning and PMP” is also planned. An interesting question in
the behavioral side that we are investigating in this context is
the possibility of characterizing the shape of “percepts” in gen-
eral, independent of the modality through which they are sensed
(visual, auditory, haptic, all of which is functionally available in
iCub). Does multimodal sensory fusion partially result from the
resonance between shape critical points computed through different
sensorymodalities? Forexample,itiswellknownthatcertainforms
of music resonate well with certain forms of dance (auditory to
motion mapping) or even the existence of numerous metaphors
that connect different sensory modalities like “chatter cheese is
sharp”(gustatory to tactile mapping). That humans are very good
at forming cross modal synesthetic abstractions has been known
right from the early experiments of Wolfgang Kohler,the so called
“Bouba–Kiki effect” (Ramachandran and Hubbard, 2003). In the
same line are recent results from sensory substitution (hearing to
seeing for the blind, see Amedi et al., 2007) that show primacy
“shape” information in mediating multisensory integration. We
hypothesize that a formal framework for perception and synthesis
of“shape”backed up with behavioral studies will both shed more
light on how cross modal abstractions between senses are made
(and at the same time endow iCub with a preliminary capability
to perform the same).
PMP, MOTOR SKILL LEARNING, AND NEUROREHABILITATION
When it comes to motor skill learning a related ﬁeld of high rele-
vance is neuromotor rehabilitation, considering that functional
recovery from motor impairment is similar to learning a new
5EFAAstandsforExperimentalFunctionalAndroidAssistant(http://efaa.upf.edu/).
DARWIN stands for Dextrous Assembler Robot Working with embodied INtelli-
gence (http://www.darwin-project.eu/), ITALK stands for Integration and transfer
of action and language knowledge in robots (www.italkproject.org), ROBOCOM
stands for Robot Companions for Citizens (www.robotcompanions.eu).
motor skill. In a previous work, we have already investigated the
scenarioof amasterteachingiCubthedrawing/writingskill.What
about the inverse scenario6 of a skilled robot teaching or assist-
ing a neuromotor impaired subject to recover a skill, like writing
or drawing? This inverse scenario makes it possible to investigate
motor learning as it occurs in human subjects. To investigate this
issue,wehaveportedthePMPframeworkintothehapticmanipu-
landum BdF (Casadio et al.,2006) and the ﬁrst set of experiments
of teaching subjects to draw “shapes” with their non-dominant
hand (coupled to the BDF) is underway (Basteris et al., 2010). An
assistance module that “optimally” regulates haptic intervention
of the robot based on the performance of the student is being
designed. We are also investigating a three way interaction sce-
nario between expert-robot–student (expert and student coupled
to the either arms of the manipulandum) during handwriting
learning experiments. The goal for the robot here is to acquire an
internal model of the training session (case histories) and use this
knowledge to intelligently regulate assistance to the trainee when
the expert is disconnected in the later stages. This scenario is the
subject of the ongoing EU FP7 project HUMOUR.
PMP AND THE “BLURRED” DISTINCTION BETWEEN “TOOL” AND THE
“BODY”
An interesting point to observe is that PMP framework does not
make any special distinction between the “body” and a “tool.”
There are two interesting ramiﬁcations.
The tool space is represented exactly in the same manner as
any other motor space and during coordination the body and
the tool act as one cohesive unit (to realize a goal). The process
whereby a tool becomes an extension of the hand to perform a
speciﬁc task can be related to the ﬂexible view of body schema
offered by Head and Holmes (1911). In a seminal paper, Umiltà
et al. (2008) have shown that the essence of tool use lies in the
capacity to transfer proximal goals to distal goals. Recording from
monkeys trained to use pliers to grasp otherwise unreachable
food reward, they demonstrated that the end effect of tool use
training was the transfer of the temporal discharge pattern that
controls “hand grasping” (area F5) to the tool, as if the tool was
the hand of the monkey and its tips were the monkey’s ﬁngers.
This of course is reminiscent of the results of Iriki and colleagues
(Maravita and Iriki, 2004; Iriki and Sakura, 2008), who showed
that, with practice, a rake becomes a part of the acting monkey
body schema. However, what Umiltà et al demonstrated was that
in addition to being incorporated into the body schema, the tool,
after learning, is coded in the motor system as if it were an artiﬁcial
hand able to interact with the external objects, exactly as the natural
hand is able to do. In the PMP network for coordinating the toy
crane (Figure 2), as the magnetized tip is being pulled toward the
goal target, iCub’s end-effectors are simultaneously being pulled
toward the required positions so as to allow the tool tip to reach
the goal. These positions are the goals for the end effector space.
As a consequence,the joints are concurrently pulled so as to allow
the end-effectors to reach the position that allows the tool tip to
reach the goal. These are the goals for the intrinsic space. If motor
6This scenario is the subject of the ongoing EU FP7 project HUMOUR: HUman
behavioral Modeling for enhancing learning by Optimizing hUman-Robot interac-
tion.
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commands derived through this incremental internal simulation
ofactionaretransmittedtotherobot,itwillreproducethemotion,
hence allowing iCub to perform goal directed movements using
the “body+toy crane” network. It is this kind of goal-centered
functional organization of cortical motor areas for which Umiltà
et al provide evidence through their tool use experiments with
monkeys.
An interesting idea proposed in a seminal article by Iriki and
Sakura (2008) in this context is that if external objects can be con-
ceived as being parts of the body during coordination, then the
converse,i.e.,thesubjectcannow“objectify”itsownbodypartsas
equivalent to external tools, becomes likewise apparent. In other
words, they hypothesize that the ability to literally incorporate
external objects into one’s own body schema and the ability to
“objectify”the body (other bodies) as another object/tool are just
the two sides of the same coin. The consequence is quite remark-
able.As soon as one’s own body becomes objectiﬁed and separate,
one must assume a subject with an independent status that is
orchestrating the movements of both the body and its tools. In
this way, the “mind” could emerge naturally as a sort of “virtual
concept,”a placeholder for the link between the“subject”and the
“objects” of manipulation, which includes the body itself (and
other bodies). There is already some evidence in this regards. It
hasbeenshownthatsigniﬁcantintracorticalconnectionsbetween
the intraparietal cortex (IPS) and the temporo-parietal junction
(TPJ)canbeforgedbytoolusetraininginadultmonkeys(Hihara
et al., 2006). In human subjects, activation of the homologous
circuitry at the TPJ is detected in self-objectiﬁcation paradigms
(Corradi-Dell’Acqua et al., 2008). In this sense, further research
on acquisition of tool use skills in both primates and cognitive
robots could open a new window to understand several funda-
mental issues like the emergence of mind, the sense of self, the
continuity of self in time, “other selves” in other bodies and
the horizontal spread of skills through culture (through social
interactions:human–human,human–humanoid).Inthiscontext,
work is ongoing to expand the motor skills of iCub using the
extended PMP framework and teach it to use common day to
day tools like screwdriver,hammer,lever etc.,and perform simple
assemblyoperations(usingMECCANO2+assemblykit)through
a combination of social and physical interactions (as in Figure6).
Further, while interacting with these objects we expect it to learn
“abstract” sensorimotor knowledge related to contact (using the
newtouchsensorsandskinavailableiniCub),directionalitywhile
pushing/pulling, extension of reach (and its peripersonal space),
ampliﬁcation of force (integration PMP with recently mounted
force/torque sensors). The word“abstract”should be taken in the
sense that the acquired knowledge can be“recycled” in a number
of task-speciﬁc contexts. This objective is being pursued through
arecentlyfundedEUprojectDARWIN(www.darwin-project.eu).
In general, we look forward towards creating an iCub that learns
“Green”!
ACKNOWLEDGMENTS
The research leading to these results has received funding from
the European Community’s Seventh Framework Programme
(FP7/2007-2013) projects iTalk (www.italkproject.org, Grant no:
FP7-214668),DARWIN(www.darwin-project.eu,GrantNo:FP7-
270138), EFAA (www.efaa.upf.edu, Grant No: FP7-270490) and
ROBOCOM(www.robotcompanions.eu,GrantNo:FP7-284951).
ThisresearchisalsosupportedbyIIT(IstitutoItalianodiTecnolo-
gia,RBCS dept). We are indebted to the anonymous reviewers for
not just their detailed analysis and criticisms to the initial versions
of this paper, but also for their attempts to put their own vision
into this manuscript, to make it sharp to the context, meaningful
and reader friendly.
SUPPLEMENTARY MATERIAL
The Movies for this article can be found online at http://
www.frontiersin.org/Neurorobotics/10.3389/fnbot.2011.00004/
abstract
REFERENCES
Abend, W., Bizzi, E., and Morasso, P.
(1982). Human arm trajectory for-
mation. Brain 105, 331–348.
Adolph, K. E., and Berger, S. A. (2006).
“Motor development,” in Handbook
ofChildPsychology,Vol.2,Cognition,
Perception, and Language, 6th Edn,
eds W. Damon, R. Lerner, D. Kuhn,
and R. S. Siegler (New York: Wiley),
161–213.
Adolph, K. E., Robinson, S. R., Young,
J. W., and Gill-Alvarez, F. (2008).
What is the shape of develop-
mental change? Psychol. Rev. 115,
527–543.
Amedi, A., Stern, W., Camprodon, A.
J., Bermpohl, F., Merabet, L., Rot-
man, S., Hemond, C., Meijer, P.,
andPascual-Leone,A.(2007).Shape
conveyed by visual-to-auditory sen-
sorysubstitutionactivatesthelateral
occipital complex. Nat. Neurosci. 10,
687–689.
Argall, B. D., Chernova, S., Veloso, M.,
andBrowning,B.(2009).Asurveyof
robot learning from demonstration.
Rob. Auton. Syst. 57, 469–483.
Aronofsky, D. (2010). The Black Swan.
M o v i ep r o d u c e db yA r iH a n -
del. Scott Franklin, Mike Medavoy,
Arnold Messer, Brian Oliver and
starring Natalie Portman, Vincent
Cassel,MilaKunis,BarbaraHershey.
Asatryan, D. G., and Feldman, A. G.
(1965). Functional tuning of the
nervous system with control of
movements or maintenance of a
steady posture. Biophysics (Oxf.) 10,
925–935.
Barsalou,L. W. (1999). Perceptual sym-
bol systems. Behav. Brain Sci. 22,
577–609.
Basteris, A., Bracco, L., and Sanguineti,
V. (2010). “Intermanual transfer of
handwriting skills: role of visual
and haptic assistance,” in IMEKO
Tc19 International Symposium on
Human Function, Prague, Czech
Republic.
Ben-Itzhak,K.S.,andKarniel,A.(2008).
Minimum acceleration criterion
with constraints implies bang-bang
control as an underlying princi-
ple for optimal trajectories of arm
reaching movements. Neural. Com-
put. 20, 779–812.
Berniker, M., Jarc, A., Bizzi, E.,
and Tresch, M. C. (2009). Sim-
pliﬁed and effective motor con-
trol based on muscle synergies to
exploit musculoskeletal dynamics.
Proc. Natl. Acad. Sci. U.S.A. 106,
7601–7606.
Bernstein, N. (1967). The Coordina-
tion and Regulation of Movements.
Oxford: Pergamon Press.
Bizzi, E., Hogan, N., Mussa Ivaldi, F. A.,
and Giszter,S. (1992). Does the ner-
vous system use equilibrium-point
control to guide single and multiple
joint movements? Behav. Brain Sci.
15, 603.
Bizzi,E.,MussaIvaldi,F.A.,andGiszter,
S. (1991). Computations underly-
ing the execution of movement: a
biological perspective. Science 253,
287–291.
Bizzi, E., Polit, A., and Morasso,
P. (1976). Mechanisms under-
lying achievement of ﬁnal
position. J. Neurophysiol. 39,
435–444.
Borroni, P., Gorini, A., Riva, G.,
Bouchard, S., and Gabriella
Cerri, G. (2011). Mirroring
avatars: dissociation of action
and intention in human motor
resonance. Eur. J. Neurosci. 34,
662–669.
Bryson, E. (1999). Dynamic Optimiza-
tion. Menlo Park,CA:Addison Wes-
ley Longman.
Buccino,G., Binkofski, F., and Fink,
G. R. (2001). Action observation
activates premotor and parietal
areas in a somatotopic manner: an
fMRI study. Eur. J. Neurosci. 13,
400–404.
Bullock, D., and Grossberg, S. (1988).
Neural dynamics of planned arm
movements: emergent invariants
and speed-accuracy properties. Psy-
chol. Rev. 95, 49–90.
Frontiers in Neurorobotics www.frontiersin.org December 2011 | Volume 5 | Article 4 | 25Mohan and Morasso PMP vs. OCT
Caeyenberghs, K., van Roon, D., Swin-
nen, S. P., and Smits-Engelsman, B.
C. (2008). Deﬁcits in executed and
imagined aiming performance in
brain-injured children. Brain Cogn.
69, 154–161.
Camacho, E. F., and Bordóns, C.
(2007). Nonlinear Model Predictive
Control: An Introductory Review.
Assessement and Future Directions
of Nonlinear Model Predictive Con-
trol. ISBN 3-540-72698-5. (Lecture
NotesinControlandInformationSci-
ence), Vol. 358. New York: Springer,
1–16.
Casadio,M.,Morasso,P.,Sanguineti,V.,
andArrichiello,V.(2006).Bracciodi
Ferro: a new haptic workstation for
neuromotor rehabilitation. Technol.
Health Care 14, 123–142.
Casadio, M., Morasso, P., Sanguineti,
V., and Giannoni, P. (2009a). Min-
imally assistive robot training for
proprioception-enhancement. Exp.
Brain Res. 194, 219–231.
Casadio, M., Giannoni, P., Masia, L.,
Morasso, P., Sandini, G., Sanguineti,
V., Squeri, V., and Vergaro, E.
(2009b).Robottherapyof theupper
limb in stroke patients: rational
guidelines for the principled use of
this technology. Funct. Neurol. 24,
195–202.
Chakravarthy, V. S., and Kompella, B.
(2003). The shape of handwritten
characters. Pattern Recognit. Lett.24,
1901–1913.
Chhabra, M., and Jacobs, R. A.
(2006). Properties of synergies aris-
ing from a theory of optimal
motorbehavior.Neural.Comput.18,
2320–2342.
Chiel, H. J., and Beer, R. D. (1997). The
brain has a body: adaptive behavior
emerges from interactions of ner-
voussystem,bodyandenvironment.
Trends Neurosci. 20, 553–557.
Corradi-Dell’Acqua, C., Ueno, K.,
Ogawa, A., Cheng, K., Rumiati, I.,
and Iriki, A. (2008). Effects of shift-
ing perspective of the self: an fMRI
study. Neuroimage 40, 1902–1911.
Crammond, D. J. (1997). Motor
imagery: never in your wildest
dream. Trends Neurosci. 20, 54–57.
d’Avella, A., and Bizzi, E. (2005).
Shared and speciﬁc muscle syner-
gies in natural motor behaviors.
Proc. Natl. Acad. Sci. U.S.A. 102,
3076–3081.
Decety,J. (1996). Do imagined and exe-
cuted actions share the same neural
substrate.BrainRes.Cogn.BrainRes.
3, 87–93.
Decety, J., and Sommerville, J. (2007).
“Motor cognition and mental sim-
ulation,” in Cognitive Psychology:
Mind and Brain, eds S. M. Kosslyn
and E. Smith (New York: Prentice
Hall),451–481.
Demiris, Y., and Khadhouri, B. (2006).
Hierarchical attentive multiple
models for execution and recogni-
tion (HAMMER). Rob. Auton. Syst.
54, 361–369.
Di Pellegrino, G., Fadiga, L., Fogassi, L.,
Gallese,V.,and Rizzolatti,G. (1992).
Understanding motor events: a neu-
rophysiological study. Exp. Brain
Res. 91, 176–180.
Diedrichsen, J., Shadmehr, R., and Ivry,
R. B. (2009). The coordination of
movement: optimal feedback con-
trol and beyond. Trends Cogn. Sci.
(Regul. Ed.) 14, 31–39.
Dingwell, J. B., Mah, C. D., and
Mussa-Ivaldi, F. A. (2004). Exper-
imentally conﬁrmed mathematical
model for human control of a non-
rigid object. J. Neurophysiol. 91,
1158–1170.
Doya,K. (2009). How can we learn efﬁ-
ciently to act optimally and ﬂexi-
bly? Proc. Natl.Acad. Sci. U.S.A. 106,
11429–11430.
Ernst, M. O., and Banks, M. S. (2002).
Humans integrate visual and haptic
informationinastatisticallyoptimal
fashion. Nature 415, 429–433.
Feldman,A. G. (1966). Functional tun-
ing of the nervous system with
control of movement or mainte-
nance of a steady posture, II: con-
trollable parameters of the muscles.
Biophysics (Oxf.) 11, 565–578.
Feldman,A. G., and Levin,A. F. (1995).
The origin and use of positional
frmes of reference in motor control.
Behav. Brain Sci. 18, 723.
Feldman, J. (2006). From Molecule to
Metaphor: A Neural Theory of Lan-
guage. Cambridge, MA: MIT Press.
Fischer,M.H.,andZwaan,R.A.(2008).
Embodied language: a review of the
roleof themotorsysteminlanguage
comprehension. J. Exp. Psychol. 61,
825–850.
Flash, T., and Hogan, N. (1985).
The coordination of arm move-
ments:an experimentally conﬁrmed
mathematical model. J. Neurosci. 5,
1688–1703.
Frey, S. H., and Gerry, V. E. (2006).
Modulation of neural activity dur-
ingobservationallearningof actions
and their sequential orders. J. Neu-
rosci. 26, 13194–13201.
Fumagalli, M., Gijsberts, A., Ivaldi, S.,
Jamone, L., Metta, G., Natale, L.,
Nori, F., and Sandini, G. (2010).
“Learning to exploit proximal force
sensing: a comparison approach,”in
From Motor Learning to Interaction
Learning in Robots, Vol. 264, eds
O. Sigaud and J. Peters (Heidelberg:
Springer-Verlag), 159–177.
Gallese, V. (2009). Motor abstraction:
a neuroscientiﬁc account of how
action goals and intentions are
mapped and understood. Psychol.
Res. 73, 486–498.
Gallese, V., Fadiga, L., Fogassi, L., and
Rizzolatti, G. (1996). Action recog-
nition in the premotor cortex. Brain
119, 593–609.
Gallese, V., and Lakoff, G. (2005). The
brain’s concepts: the role of the
sensory-motor system in reason and
language. Cogn. Neuropsychol. 22,
455–479.
Gallese, V., and Sinigaglia, C. (2011).
What is so special with embodied
simulation. Trends Cogn. Sci. (Regul.
Ed.) 15, 512–519.
Ganesh, G., Haruno, M., Kawato,
M., and Burdet, E. (2010). Motor
memory and local minimization
of error and effort, not global
optimization, determine motor
behavior. J. Neurophysiol. 104,
382–390.
Glenberg, A., and Gallese, V. (2011).
Action-based language: a theory
of language acquisition production
and comprehension. Cortex.d o i :
10.1016/j.cortex.2011.04.010. [Epub
ahead of print].
Glenberg, A. M. (1997). What memory
is for. Behav. Brain Sci. 20, 1–19.
Grafton, S. T. (2009). Embodied cogni-
tion and the simulation of action to
understand others. Ann. N. Y. Acad.
Sci. 1156, 97–117.
Grafton,S. T.,Fagg,A. H.,Woods,R. P.,
and Arbib, M. A. (1996). Functional
anatomy of pointing and grasp-
ing in humans. Cerebral Cortex 6,
226–237.
Guigon, E. (2011). “Models and archi-
tectures for motor control: simple
or complex?” in Motor Control,
Chap. 20, eds F. Danion and M. L.
Latash(Oxford,UK:OxfordUniver-
sity Press), 478–502.
Guigon,E.,Baraduc,P.,andDesmurget,
M. (2007). Computational motor
control:redundancy and invariance.
J. Neurophysiol. 97, 331–347.
Guigon,E.,Baraduc,P.,andDesmurget,
M. (2008a). Computational motor
control: feedback and accuracy. Eur.
J. Neurosci. 27, 1003–1016.
Guigon, E., Baraduc, P., and Desmur-
get, M. (2008b). Optimality,
stochasticity, and variability
in motor behavior. J. Comput.
Neurosci. 24, 57–68.
Harris, C. M., and Wolpert, D.
M. (1998). Signal-dependent noise
determines motor planning. Nature
394, 780–784.
Haruno, M., Wolpert, D. M., and
Kawato, M. (2001). MOSAIC
model for sensorimotor learning
and control. Neural Comput. 13,
2201–2220.
Head, H., and Holmes, G. (1911).
Sensory disturbances from cerebral
lesions. Brain 34, 102–254.
Hihara, S., Notoya, T., Tanaka, M., Ichi-
nose, S., Ojima, H., Obayashi, S.,
Fujii,N.,and Iriki,A. (2006). Exten-
sion of corticocortical afferents into
the anterior bank of the intrapari-
etal sulcus by tool-use training in
adultmonkeys.Neuropsychologia 44,
2636–2646.
Hogan, N. (1987). Modularity and
causality in physical system model-
ing. J. Dyn. Syst. Meas. Control 109,
384–391.
Holmes, P., and Calmels, C. (2008).
A neuroscientiﬁc review of imagery
and observation use in sport. J. Mot.
Behav. 40, 433–445.
Hopﬁeld, J. J. (1982). Neural networks
and physical systems with emer-
gent collective computational abili-
ties. Proc. Natl. Acad. Sci. U.S.A. 79,
2554–2558.
Iacoboni, M. (2009a). Imitation, empa-
thy, and mirror neurons. Annu. Rev.
Psychol. 60, 653–670.
Iacoboni, M. (2009b). Neurobiology of
imitation. Curr. Opin. Neurobiol. 19,
661–665.
Iacoboni, M., Koski, L. M., Brass,
M., Bekkering, H., Woods, R. P.,
Dubeau, M. C., Mazziotta, J. C.,
and Rizzolatti, G. (2001). Reaffer-
ent copies of imitated actions in
the right superior temporal cor-
tex. Proc. Natl. Acad. Sci. U.S.A. 98,
13995–13999.
Iriki, A., and Sakura, O. (2008). Neuro-
science of primate intellectual evo-
lution: natural selection and passive
and intentional niche construction.
Philos. Trans. R. Soc. Lond. B Biol.
Sci. 363, 2229–2241.
Iriki, A., Tanaka, M., and Iwamura, Y.
(1996). Coding of modiﬁed body
schema during tool use by macaque
postcentralneurones.Neuroreport 7,
2325–2330.
Ivaldi, S., Fumagalli, M., Nori, F.,
Baglietto, M., Metta, G., and San-
dini, G. (2010). “Approximate
optimal control for reaching
and trajectory planning in a
humanoid robot,” in IEEE/RSJ
International Conference on Intel-
ligent Robots and Systems, Taipei,
18–22.
Ivanenko, Y. P., Grasso, R., Zago, M.,
Molinari, M., Scivoletto, G., Castel-
lano, V., Macellari, V., and Lac-
quaniti, F. (2003). Temporal com-
ponents of the motor patterns
expressed by the human spinal cord
reﬂectfootkinematics.J.Neurophys-
iol. 90, 3555–3565.
Frontiers in Neurorobotics www.frontiersin.org December 2011 | Volume 5 | Article 4 | 26Mohan and Morasso PMP vs. OCT
Izawa, J., Rane, T., Donchin, O., and
Shadmehr,R.(2008).Motoradapta-
tion as a process of reoptimization.
J. Neurosci. 28, 2883–2891.
Jeannerod, M. (2001). Neural simula-
tionofaction:aunifyingmechanism
formotorcognition.Neuroimage 14,
103–109.
Kaminski, T. R. (2007). The coupling
between upper and lower extremity
synergies during whole body reach-
ing. Gait Posture 26, 256–262.
Karniel, A. (2011). Open questions
in computational motor control. J.
Integr. Neurosci. 10, 385–411.
Kodl, J., Ganesh, G., and Burdet,
E. (2011). The CNS stochastically
selects motor plan utilizing extrinsic
and intrinsic representations. PLoS
ONE 6, e24229. doi:10.1371/jour-
nal.pone.0024229
Kording, K. P., and Wolpert, D. M.
(2004). Bayesian integration in sen-
sorimotor learning. Nature 427,
244–247.
Koski, L., Wohlschlager, A., Bekkering,
H., Woods, R. P., Dubeau, M. C.,
Mazziotta, J. C., and Iacoboni, M.
(2002). Modulation of motor and
premotor activity during imitation
of target-directed actions. Cereb.
Cortex 12, 847–855.
Kranczioch, C., Mathews, S., Dean, J.
A., and Sterr, A. (2009). On the
equivalence of executed and imag-
inedmovements.Hum.BrainMapp.
30, 3275–3286.
Kutch,J.J.,Kuo,A.D.,Bloch,A.M.,and
Rymer,W.Z.(2008).Endpointforce
ﬂuctuations reveal ﬂexible rather
than synergistic patterns of muscle
cooperation. J. Neurophysiol. 100,
2455–2471.
Li, W. (2006). Optimal Control for Bio-
logical Movement Systems. Ph. D.
thesis, University of California, San
Diego.
Liu, D., and Todorov, E. (2007). Evi-
dence for the ﬂexible sensorimo-
tor strategies predicted by optimal
feedback control. J. Neurosci. 27,
9354–9368.
Lopes, M., Melo, F., Montesano,
L., and Santos-Victor, J. (2010).
“Abstraction levels for robotic imi-
tation: overview and computational
approaches,” in From Motor Learn-
ing to Interaction Learning in Robots
Series: Studies in Computational
Intelligence,edsO.SigauandJ.Peters
(Heidelberg: SpringerVerlag).
Maravita, A., and Iriki, A. (2004). Tools
for the body (schema). Trends Cogn.
Sci. 8, 79–86.
Marino, B. F. M., Gough, P. M., Gallese,
V.,Riggio,L.,andBuccino,G.(2011).
How the motor system handles
nouns: a behavioral study. Psychol.
Res. doi: 10.1007/s00426-011-0371-
2. [Epub ahead of print].
Marr,D.(1982).Vision.Acomputational
investigation into the human rep-
resentation and processing of visual
information. San Francisco: W. H.
Freeman.
Marr, D., and Poggio, T. (1977). From
understanding computation to
understanding neural circuitry.
Neurosci. Res. Prog. Bull. 15,
470–488.
Mitrovic, D., Klanke, S., and Vijayku-
mar, S. (2010). “Adaptive optimal
feedback control with learned inter-
nal dynamics models,” in From
Motor Learning to Interaction Learn-
ing in Robots SCI, Vol. 264, eds O.
Sigaud and J. Peters (Heidelberg:
Springer-Verlag), 65–84.
Mohan, V., and Morasso, P. (2006).
“A forward/inverse motor controller
for cognitive robotics,” in Artiﬁcial
Neural Networks – ICANN 2006,
Lecture Notes in Computer Science,
Vol. 4131, eds S. Kollias, A. Stafy-
lopatis,W. Duch,and E. Oja (Berlin:
Springer), 602–611.
Mohan, V., and Morasso, P. (2007).
Towards reasoning and coordinat-
ing action in the mental space. Int.
J. Neural Syst. 17, 1–13.
Mohan, V., Morasso, P., Metta, G.,
and Kasderidis, S. (2011a). “Actions
and imagined actions in cognitive
robots,”in Perception-Reason-Action
Cycle: Models, Algorithms and Sys-
tems, Vol. 1, Chapter 17, eds V. Cut-
suridis, A. Hussain, and J. G. Taylor
(Heidelberg: Springer), 539–572.
Mohan, V., Morasso, P., Zenzeri, J.,
Metta, G., Chakravarthy, V. S., and
Sandini, G. (2011b). Teaching a
humanoid robot to draw ‘Shapes.’
Auton. Robots 31, 21–53.
Mohan, V., Morasso, P., and Metta,
G. (2011c). What does learn-
ing to ‘draw a circle’ have to
do with driving, cycling, unwind-
ing and screwing? Front. Com-
put. Neurosci. Conference Abstract:
IEEE ICDL-EPIROB 2011. doi:
10.3389/conf.fncom.2011.52.00028
Mohan, V., Morasso, P., Metta, G., and
Kasderidis,S.(2011d).Thedistribu-
tion of rewards in growing sensory-
motor maps. Neurocomputing 74,
3440–3455.
Mohan, V., Morasso, P., Metta, G.,
and Sandini, G. (2009). A bio-
mimetic, force-ﬁeld based compu-
tational model for motion plan-
ning and bimanual coordination in
humanoid robots. Auton. Robots 27,
291–301.
Morasso, P. (1981). Spatial control of
arm movements. Exp. Brain Res. 42,
223–227.
Morasso,P.,Casadio,M.,Mohan,V.,and
Zenzeri, J. (2010). A neural mecha-
nismof synergyformationforwhole
body reaching. Biol. Cybern. 102,
45–55.
Morasso, P., Sanguineti, V., and Spada,
G. (1997). A computational theory
of targeting movements based on
force ﬁelds and topology represent-
ing networks. Neurocomputing 15,
414–434.
Morasso, P., Sanguineti,V., and Tsuji, T.
(1994). “A model for the generation
of virtual targets in trajectory for-
mation,” in Advances in Handwrit-
ingandDrawing:AMultidisciplinary
Approach, eds C. Faure, P. Keuss,
G. Lorette, and A. Vinter (Paris:
Europia), 333–348.
Munzert, J., Lorey, B., and Zentgraf, K.
(2009). Cognitive motor processes:
the role of motor imagery in the
study of motor representations.
Brain Res. Rev. 60, 306–326.
Mussa Ivaldi, F. A., and Bizzi, E. (2000).
Motor learning through the combi-
nation of primitives. Philos. Trans.
R. Soc. Lond. B Biol. Sci. 355,
1755–1769.
Mussa Ivaldi, F. A., Morasso, P., and
Zaccaria, R. (1988). Kinematic Net-
works. A distributed model for rep-
resenting and regularizing motor
redundancy. Biol. Cybern. 60, 1–16.
Nishikawa, K., Biewener, A. A., Aert, P.,
Ahn,A. N.,Chiel,H. J.,Daley,M.A.,
Daniel, T. L., Full, R. J., Hale, M. E.,
Hedrick,T.L.,Lappin,A.K.,Nichols,
T. R., Quinn, R. D., Ritzmann, R.
E., Satterlie, R. A., and Szymik, B.
(2007). Neuromechanics: an inte-
grative approach for understanding
motorcontrol.Integr.Comp.Biol.47,
16–54.
Nori, F., Metta, G., and Sandini, G.
(2008). “Exploiting motor modules
inmodularcontexts,”inRobustIntel-
ligent Systems,Vol. XII,ed.A. Schus-
ter (London: Springer-Verlag), 81.
Ostry, D. J., and Feldman,A. G. (2003).
A critical evaluation of the force
controlhypothesisinmotorcontrol.
Exp. Brain Res. 153, 275–288.
Parmiggiani, A., Randazzo, M., Natale,
L.,Metta,G.,andSandini,G.(2009).
“Joint torque sensing for the upper-
body of the iCub humanoid robot,”
in IEEE-RAS International Confer-
ence on Humanoid Robots, Paris,
7–10.
Paynter, H. M. (1961). Analysis and
Design of Engineering Systems.
Boston: The MIT Press.
Perrett, D. I., and Emery, N. J. (1994).
Understanding the intentions of
others from visual signals: neuro-
physiological evidence. Curr. Psy-
chol. Cogn. 13, 683–694.
Pozzo, T., Stapley, P. J., and Papax-
anthis, C. (2002). Coordination
between equilibrium and hand tra-
jectories during whole body point-
ing movements. Exp. Brain Res. 144,
343–350.
Pulvermüller, F., and Fadiga, L. (2010).
Active perception: sensorimotor cir-
cuits as a cortical basis for language.
Nat. Rev. Neurosci. 11, 351–360.
Ramachandran, V. S., and Hubbard, E.
M. (2003). Hearing colors, tasting
shapes. Sci. Am. 288, 42–49.
Rizzolatti, G., and Arbib, M. A. (1998).
Language within our grasp. Trends
Neurosci. 21, 188–194.
Rizzolatti, G., Fadiga, L., Matelli, M.,
Bettinardi, V., Paulesu, E., Perani,
D., and Fazio, F. (1996). Local-
ization of grasp representations in
humans by PET: 1.Observation ver-
sus execution. Exp. Brain Res. 111,
246–252.
Rizzolatti, G., Fogassi, L., and Gallese,
V.(2001).Neurophysiologicalmech-
anisms underlying action under-
standing and imitation. Nat. Rev.
Neurosci. 2, 661–670.
Rizzolatti, G., and Sinigaglia, C. (2010).
The functional role of the parieto-
frontal mirror circuit: Interpreta-
tions and misinterpretations. Nat.
Rev. Neurosci. 11, 264–274.
Roh, J., Cheung, V. C. K., and Bizzi,
E. (2011). Modules in the brain
stem and spinal cord underlying
motor behaviors. J. Neurophysiol.
106, 1363–1378.
Sandini, G., Metta, G., and Vernon, D.
(2004).“RobotCub: an open frame-
work for research in embodied cog-
nition,” in Proceedings of the 4th
IEEE/RAS International Conference
on Humanoid Robots, Los Angeles,
CA, 13–32.
Sanguineti, V., Morasso, P., Baratto, L.,
Brichetto, G., Mancardi, G. L., and
Solaro, C. (2003). Cerebellar ataxia:
quantitative assessment and cyber-
neticinterpretations.Hum.Mov.Sci.
22, 189–195.
Saunders, J. A., and Knill, D. C.
(2004). Visual feedback control of
hand movements. J. Neurosci. 24,
3223–3234.
Schaal, S., Ijspeert, A., and Billard, A.
(2003). Computational approaches
to motor learning by imitation. Phi-
los. Trans. R. Soc. Lond. B Biol. Sci.
358, 537–547.
Scott, S. (2004). Optimal feedback con-
trolandtheneuralbasisof volitional
motor control. Nat. Rev. Neurosci. 5,
534–546.
Sevdalis, V., and Keller, P. E. (2011).
Captured by motion: dance, action
understanding,andsocialcognition.
Brain Cogn. 77, 231–236.
Frontiers in Neurorobotics www.frontiersin.org December 2011 | Volume 5 | Article 4 | 27Mohan and Morasso PMP vs. OCT
Shadmehr, R., and Mussa-Ivaldi, F. A.
(1994). Adaptive representation of
dynamicsduringlearningofamotor
task. J. Neurosci. 14, 3208–3224.
Shadmehr, R., Mussa-Ivaldi, F. A., and
Bizzi, E. (1993). Postural force ﬁelds
of the human arm and their role in
generating multijoint movements. J.
Neurosci. 13, 45–82.
Shadmehr, R., Smith, M. A., and
Krakauer,J.W. (2010). Error correc-
tion, sensory prediction, and adap-
tation in motor control. Annu. Rev.
Neurosci. 33, 89–108.
Shapiro, R. (1978). Direct linear
transformation method for three-
dimensional cinematography. Res.
Q. 49, 197–205.
Simpkins, A., Kelley, M., Todorov,
E. (2011). “Modular bio-mimetic
robots that can interact with the
world the way we do,” in Interna-
tional Conference on Robotics and
Automation, Shanghai.
Stapley, P. J., Cheron, G., and Grishin,
A. (1999). Does the coordination
between posture and movement
during human whole-body reaching
ensure center of mass stabilization.
Exp. Brain Res. 129, 134–146.
Stevenson, I. H., Fernandes, H. L.,
Vilares, I., Wei, K., and Kording,
K. P. (2009). Bayesian integration
andnon-linearfeedbackcontrolina
full-body motor task. PLoS Comput.
Biol. 5, e1000629. doi:10.1371/jour-
nal.pcbi.1000629
Stoytchev, A. (2008). “Learning
the affordances of tools using a
behavior-grounded approach,”
in Affordance-Based Robot Con-
trol, eds E. Rome, J. Hertzberg,
and G. Dorffner (Heidelberg:
Springer-Verlag), 140–158.
Tanaka, Y., Tsuji, T., Sanguineti, V., and
Morasso, P. G. (2005). Bio-mimetic
trajectory generation using a neural
time-base generator. J. Robot. Syst.
22, 625–637.
Thirioux,B.,Mercier,M.R.,Jorland,G.,
Berthoz, A., and Blanke, O. (2010).
Mentalimageryof self-locationdur-
ing spontaneous and active self-
other interactions:an electrical neu-
roimaging study. J. Neurosci. 30,
7202–7214.
Thom, R. (1975). Structural Stabil-
ity and Morphogenesis. Boston, MA:
Addison-Wesley.
Todorov, E. (2004). Optimality princi-
ples in sensorimotor control. Nat.
Neurosci. 7, 907–915
Todorov, E. (2006). “Optimal control
theory,” in Bayesian Brain: Proba-
bilistic Approaches to Neural Coding,
Chapter 12, eds K. Doya, S. Ishii, A.
Pouget,andR.P.N.Rao(Cambridge,
MA: MIT Press), 269–298.
Todorov, E. (2009). Efﬁcient computa-
tion of optimal actions. Proc. Natl.
Acad. Sci. U.S.A. 106, 11478–11483.
Todorov, E., and Jordan, M. I. (2002).
Optimalfeedbackcontrolasatheory
of motor coordination. Nat. Neu-
rosci. 5, 1226–1235.
Torres-Oviedo, G., Macpherson, J. M.,
and Ting, L. H. (2006). Muscle syn-
ergy organization is robust across a
variety of postural perturbations. J.
Neurophysiol. 96, 1530–1546.
Tsuji, T., Tanaka, Y., Morasso, P., San-
guineti, V., and Kaneko, M. (2002).
Bio-mimetic trajectory generation
of robots via artiﬁcial potential
ﬁeld with time base generator. IEEE
Trans.Syst.ManCybern.CAppl.Rev.
88, 426–439.
Ulloa, E. R., and Pineda, J. A. (2007).
Recognition of pointlight biologi-
cal motion: mu rhythms andmirror
neuron activity. Behav. Brain Res.
183, 188–194.
Umiltà, M. A., Escola, L., Intskirveli, I.,
Grammont,F.,Rochat,M.,Caruana,
F., Jezzini, A., Gallese,V., and Rizzo-
latti,G. (2008).When pliers become
ﬁngers in the monkey motor sys-
tem.Proc.Natl.Acad.Sci.U.S.A.105,
2209–2213.
Uno, Y., Kawato, M., and Suzuki, R.
(1989). Formation and control of
optimal trajectory in human mul-
tijoint arm movement. Minimum
torque-change model. Biol. Cybern.
61, 89–101.
Varela, F. J., Thomson, E., and Rosch, E.
(1991). The Embodied Mind: Cogni-
tive Science and Human Experience.
Boston: MIT Press.
Vergaro, E., Casadio, M., Squeri, V.,
Giannoni, P., Morasso, P., and San-
guineti, V. (2010). Self-adaptive
robot-training of stroke patients
forcontinuoustrackingmovements.
J.Neuroeng. Rehabil. 7, 13.
Visalberghi,E. (1993).“Capuchin mon-
keys: a window into tool use activ-
ities by apes and humans,” in
Tool, Language and Cognition in
HumanEvolution,edsK.Gibsonand
T. Ingold (Cambridge: Cambridge
University Press), 138–150.
Visalberghi, E., and Limongelli, L.
(1996). Action and understanding:
tool use revisited through the mind
of capuchin monkeys, in Reach-
ing into thought. The Minds of
the Great Apes, eds A. Russon,
K. Bard, and S. Parker (Cam-
bridge:CambridgeUniversityPress),
57–79.
Visalberghi, E., and Tomasello, M.
(1997). Primate causal understand-
ing in the physical and in the
social domains. Behav. Process. 42,
189–203.
Watkins, C., and Dayan, P. (1992).
Q-learning. Mach. Learn. 8,
279–292.
Weir, A. A. S., Chappell, J., and Kacel-
nik, A. (2002). Shaping of hooks in
NewCaledonianCrows.Science 297,
981–983.
Wilson,M. (2002). Six views of embod-
ied cognition. Psychon. Bull. Rev. 9,
625–636.
Wolpert,D. M.,and Kawato,M. (1998).
Multiple paired forward and inverse
models for motor control. Neural.
Netw. 11, 1317–1329.
Zak, M. (1988). Terminal attrac-
tors for addressable memory in
neural networks. Phys. Lett. A 133,
218–222.
Zenzeri, J. (2010). Stabilizzazione pos-
turale durante movimenti globali del
corpo, MS thesis, University of Gen-
ova, Genova.
Zenzeri, J., Morasso, P., and Saha, D.
(2011).“Expertstrategyswitchingin
the control of a bimanual manip-
ulandum with an unstable task,”
in 33rd Annual International IEEE
Engineering in Medicine and Biology
Society Conference. Boston.
Conﬂict of Interest Statement: The
authors declare that the research was
conducted in the absence of any
commercial or ﬁnancial relationships
that could be construed as a potential
conﬂict of interest.
Received: 18 July 2011; accepted: 29
November 2011; published online: 27
December 2011.
Citation:MohanVandMorassoP(2011)
Passive motion paradigm: an alternative
to optimal control. Front. Neurorobot.
5:4. doi: 10.3389/fnbot.2011.00004
Copyright © 2011 Mohan and Morasso.
This is an open-access article distributed
underthetermsoftheCreativeCommons
Attribution Non Commercial License,
which permits non-commercial use, dis-
tribution, and reproduction in other
forums,providedtheoriginalauthorsand
source are credited.
Frontiers in Neurorobotics www.frontiersin.org December 2011 | Volume 5 | Article 4 | 28